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Abstract
This study draws on the idea that disclosing information about how algorithmic 
decision aids process data (‘inner workings’) may increase algorithm reliance. In 
this context, the decision-maker’s thinking style is likely to play a crucial role, as 
analytic thinking may help to process algorithm information and therefore to foster 
algorithm reliance. In two between-subject experiments, I examine whether (the 
extent of) information provided about an algorithm and thinking style influence 
individuals’ reliance on the algorithm. The findings suggest that disclosing an al-
gorithm’s inner workings significantly increases algorithm reliance up to a certain 
threshold, implying a concave relationship between information load and algorithm 
reliance. While analyses do not indicate an interaction effect between information 
disclosure and analytic thinking, a joint effect on algorithm reliance is shown. Fur-
thermore, supplemental analyses of the study uncover the underlying mechanisms 
of algorithm reliance: Analytic thinking and other individual characteristics, such as 
a general faith in technology, are positively related to perceived advice source cred-
ibility that, in turn, is positively correlated with algorithm reliance. In this regard, 
the effect of advice source credibility appears to be stronger for analytic and weaker 
for intuitive thinkers. Additionally, I find that numerical differences such as the 
span between advices or advice direction correspond to varying levels of algorithm 
reliance. Thus, the study presents valuable insights for designing decision-making 
environments that may reinforce the utilization of data-driven approaches.
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1  Introduction

Data analytics have become crucial for most organizations due to their potential to 
improve process quality (Senoner et al., 2022), decision-making and performance 
(Mariani & Wamba, 2020) and enable new ways of analyzing (digital) information 
(Loebbecke & Picot, 2015; Vitale et al., 2020). Algorithmic decision aids are par-
ticularly beneficial for processing future-oriented information (Dietvorst et al., 2018; 
Knudsen, 2020), as they address the dynamics and complexity of the environment 
by integrating real-time data and unstructured information from external sources 
(Arnaboldi et al., 2017). In a management accounting context, algorithmic decision 
aids therefore play a key role in providing more accurate information for managerial 
decision-making (Guenther, 2013; Sprinkle, 2003).

However, research has shown that decision-makers tend to distrust and devaluate 
algorithms and are, thus, hesitant to use them (Önkal et al., 2017), particularly after 
the algorithm errs (Dietvorst et al., 2015) or when it presents a downward trend (Chen 
et al., 2022; Fehrenbacher et al., 2023). The literature points at the notable paradox 
of algorithm aversion, given that decision-makers often prefer human judgment over 
algorithms, even when the latter lead to superior decisions (Dietvorst et al., 2015; 
Elkins et al., 2013; Grove et al., 2000; Highhouse, 2008; Silver, 2012). Contrarily, 
some studies show algorithm appreciation in certain environments (e.g., Bogert et al., 
2022), e.g., depending on task type (Logg et al., 2019) or task difficulty (Bogert et al., 
2021). Against this background, a deeper understanding of how to mitigate irrational 
behavior and therefore to reinforce the use of algorithms appears crucial in order to 
improve decision-making.

An essential idea to promote algorithm reliance is disclosing detailed informa-
tion on how an algorithm processes data. By sharing such ‘inner workings’ of an 
algorithm, the existing hesitation to use it and false expectations associated with it, 
may be reduced (Burton et al., 2020). Such a disclosure has the potential to reduce 
skepticism and build trust in an opaque algorithm (Adadi & Berrada, 2018; Jobin 
et al., 2019). However, it is decisive how much information is disclosed, given that 
too much information may overstrain decision-makers (e.g., Roetzel, 2019; Stocks 
& Harrell, 1995). In this regard, sharing relevant information (Hartmann & Weißen-
berger, 2023), in a sufficient amount (Turel & Kalhan, 2023), appears crucial to create 
a higher level of understanding and to overcome biases. As a result, decision-makers 
may perceive an algorithm as a more competent and credible advice source, leading 
to a higher tendency to use algorithmic decision aids (Alvarado-Valencia & Barrero, 
2014; Fogg & Tseng, 1999).

However, such judgments are not necessarily a standard procedure when people 
make decisions. From the perspective of the dual-process theory from the field of 
psychology, the default decision-making situation is mainly intuition-based (Evans 
& Stanovich, 2013; Stanovich & West, 2008). A more analytic decision mode can 
be initiated in a way that rational, deliberate and therefore slower thinking overrides 
intuitive judgments that may be prone to errors (Evans, 2003). Besides reducing such 
biases, analytic thinking might contribute to a higher cognitive compatibility between 
an algorithm and a decision-maker (Burton et al., 2020; Vessey, 1991), implying an 
alignment of human thinking patterns and the algorithmic approach. In combination 
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with the previously mentioned disclosure of an algorithm’s inner workings, this study 
investigates whether different thinking styles have an effect on algorithm reliance.

Drawing on these ideas, the objective of this paper is to analyze these mechanisms 
that may mitigate existing biases and therefore enhance algorithm reliance. In this 
context, I conduct two between-subject experiments in which participants decide on 
sales predictions based on advice in a forecasting setting. The advice sources are a 
human expert (product manager) and a data scientist who relies on a self-designed 
forecasting algorithm. In experiment 1, the disclosure of an algorithm’s ‘inner work-
ings’ (disclosed vs. not disclosed) is manipulated by varying the availability of 
information and ‘thinking style’ (intuitive vs. analytic) with the help of a priming 
approach. In experimental accounting research, the psychological concept of priming 
is used to affect participant behavior in different ways (Clor-Proell & Nelson, 2007; 
Hammersley et al., 2010; Lambert & Agoglia, 2011; Thomas, 2016; Wolfe et al., 
2020). In this study, priming is used to induce an analytic mindset and to reinforce 
intuitive thinking as performed in White (2005) and Huntsinger (2011). Experiment 
2 provides more detailed insights on the ‘inner workings’ idea by manipulating three 
different levels of information availability (‘low’ vs. ‘medium’ vs. ‘detailed’). After 
submitting their final decisions, participants indicate the extent to which they rely on 
both advice sources, out of which the assigned weight on algorithmic advice is the 
main variable of interest.

The findings partially support my hypotheses. The findings of experiment 2 sug-
gest that disclosing relevant information about an algorithm’s inner workings sig-
nificantly increases algorithm reliance up to a certain threshold of information load, 
implying a concave relationship between information load and algorithm reliance. 
Supplemental analyses of experiment 1 identify a significant joint effect of disclosing 
an algorithm’s inner workings and thinking style on algorithm reliance. Furthermore, 
the supplemental analyses show that there is an effect of analytic thinking on per-
ceived advice source credibility that, in turn, has an increasing effect on algorithm 
reliance. Moreover, several individual characteristics, especially the general propen-
sity of individuals to think rationally or intuitively, are related to the use of algo-
rithms. In particular, highly intuitive decision-makers seem to make decisions rather 
independently of how credible they perceive the advice source to be. In addition, 
Experiment 2 shows that, as risk tendencies and forecast accuracy perceptions of 
participants matter as well, the span between advice values and the advice direction 
(i.e., which advice source forecasts a higher / lower value) result in different degrees 
of algorithm reliance in a way that algorithm reliance is increased for higher spans 
and lower forecast values.

This study contributes to the literature on algorithm aversion and appreciation 
as well as to the management accounting literature. Research on algorithm reliance 
is discussed in numerous fields such as computer science and information systems 
(Mahmud et al., 2022). Irrespective of the diverse causes for algorithm aversion (Bur-
ton et al., 2020), further empirical evidence on the promotion of algorithm reliance 
is needed to understand the complexity of decision-making involving data analytics. 
The paper addresses this by showing that disclosing an algorithm’s inner workings 
enhances algorithm reliance. In addition to this, I build on findings from informa-
tion overload studies (Hartmann & Weißenberger, 2023; Roetzel, 2019; Stocks & 
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Harrell, 1995) to demonstrate that information disclosure increases the use of algo-
rithmic aids up to a certain threshold, implying a concave relation between infor-
mation load and algorithm reliance. Moreover, analytic thinking is identified to be 
positively associated with the perceived credibility of an algorithmic advice source. 
This is the case without giving any direct performance-related information on the 
algorithm as proposed by Logg et al. (2019) in order to enhance the appreciation of 
algorithms. Therefore, I extend the credibility-related findings of Chen et al. (2022) 
in a way that perceived credibility is shown to be conditional on the specific type 
of advice source and individual characteristics. Furthermore, this study investigates 
possibilities to actively control irrational behavior rooted in cognitive biases in man-
agement accounting as called for by Wibbeke and Lachmann (2020). In this regard, 
my research aims at integrating psychological aspects, especially cognition and the 
dual-process theory, into the field of management accounting. While Fehrenbacher et 
al. (2018) already use this theory in the context of subjective performance evaluation, 
this study can be seen as a starting point in the forecasting domain. In this context, 
the decision-maker’s thinking style and the disclosure of algorithm information have 
a joint effect on the use of algorithms. These are crucial findings to add to the still 
limited research on data analytics in a management accounting context (Rikhardsson 
& Yigitbasioglu, 2018). Taken together, new insights will be given in terms of under-
standing the black-box reasoning process of decision-makers encountering algorith-
mic decision aids (Tank & Farrell, 2022).

The structure of this paper is as follows: In Sect. 2, the theoretical background of 
algorithm reliance and the development of hypotheses is explained. Thereafter, the 
research method and experimental design choices of experiment 1 and experiment 2 
(Sect. 3) are presented. Results as well as limitations are discussed in Sects. 4 and 5 
before drawing final conclusions in Sect. 6.

2  Theoretical background and hypotheses development

2.1  Algorithmic decision aids and algorithm reliance

Data analytics encompass various algorithmic approaches that transform input data 
into decision-relevant information (Gillespie et al., 2014; Schneider et al., 2015).1 
The application of algorithmic decision aids aims at a more objective and therefore 
better decision-making (Glikson & Woolley, 2020). Algorithms surpass traditional 
decision support systems by processing vast amounts of data (Logg et al., 2019), 
where traditional decision support systems and human decision-makers reach their 
technical and cognitive limits (Al-Htaybat & von Alberti-Alhtaybat, 2017; Warren 
et al., 2015). By integrating new and relevant information – like social media data – 
into forecasts, algorithms enable the inclusion of indicators that were previously not 
available for analyses (Arnaboldi et al., 2017; Cui et al., 2018; Knudsen, 2020).

1  Note that while I mainly use the term ‘algorithm’ as it is easier to explain in the scope of an experiment, 
the findings of this study generally refer to the broad concepts of data analytics.
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Providing such information is a major objective of management accounting as it 
aims to support rational decision-making (Guenther, 2013; Sprinkle, 2003). While 
many economic models assume such rationality (Simon, 1986), human decision-
makers often tend to intuitive and emotionally affected reasoning as it is usually very 
efficient (Farrell et al., 2014). However, intuitive reasoning may lead to decisions 
with lower economic value (Evans, 2008; Moreno et al., 2002) as important infor-
mation might not be considered (Farrell et al., 2014). In other words, even though 
all humans are generally able to engage in rational decision-making, humans do not 
necessarily apply rational thinking effectively (Kahneman et al., 1982; Trotman et 
al., 2011).

Despite their potential to promote rational decision-making, algorithms are not 
readily embraced by users. Algorithm aversion, a term coined by Dietvorst et al. 
(2015), is a phenomenon that describes people’s hesitation to rely on algorithms in 
decision-making processes. Since potential benefits of relying on algorithm-based 
information are knowingly ignored and a suboptimal decision basis is accepted, such 
aversion is a type of irrational behavior that can be reduced (Arnott, 2006). Findings 
related to algorithm aversion date back many decades. For example, Meehl (1954) 
and Dawes (1979) find a certain degree of hesitation of humans to use statistical 
predictions compared to human judgment. These findings reflect what is relevant 
today with regard to the usage of more sophisticated algorithms. From a management 
accounting perspective, a substantial area is forecasting as individuals tend to place 
greater weight on advice from human experts compared to statistical methods when 
making forecast adjustments (Önkal et al., 2009). This might be problematic since 
algorithms are able to include a more diverse set of data (Arnaboldi et al., 2017).

Challenging the literature on algorithm aversion, there are several contrasting 
findings that indicate an appreciation for algorithms. For example, Logg et al. (2019) 
show that in some rather specific tasks, algorithms are preferred over humans, as for 
example in forecasts of music popularity and romantic attraction. Therefore, task 
type and also task difficulty (Bogert et al., 2021), i.e., people tend to favor algorithms 
in more difficult tasks, affect the prevailing attitude towards algorithms. As Logg et 
al. (2019) point out, it is important to further understand algorithm reliance in deci-
sion-making in order to reduce the risk of missed potentials. This seems especially 
important, as studies show that the aversion towards algorithms remains a prevalent 
issue (e.g., Berger et al., 2021; Turel & Kalhan, 2023). Prior research has investigated 
the reliance on algorithms from different perspectives, indicating that algorithm trust 
and a corresponding reliance are highly complex and far from elucidated phenomena 
(Burton et al., 2020; Castelo et al., 2019; Dietvorst et al., 2015).

In this regard, it is crucial to investigate factors that cause algorithm reliance. 
While some authors find possibilities to increase algorithm reliance, e.g., by enabling 
decision-makers to modify the algorithmic suggestion (Dietvorst et al., 2018) or to 
integrate their own forecast into algorithmic processing (Kawaguchi, 2021), more 
insights are needed to understand algorithm reliance more thoroughly. In their review 
of the literature, Burton et al. (2020) identify two reasons which may serve as a start-
ing point for enhancing algorithm reliance. First, people may have false expectations 
regarding an algorithm, implying that the decision aid is not perceived adequately 
and does not meet their expectations. In this regard, people seem to have unrealisti-
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cally high expectations towards algorithms as they might even expect algorithms to 
make perfect predictions (Madhavan & Wiegmann, 2007). Awareness of algorithmic 
errors, therefore, is even more severe for algorithm reliance as they are perceived as 
systematic, while human inaccuracies tend to be perceived as natural (Dietvorst et 
al., 2018; Highhouse, 2008). Second, cognitive compatibility refers to the (perceived) 
difference between the human and the algorithmic cognitive approach, implying a 
different way of processing data. In general, individuals tend to prefer advice sources 
that they consider similar to themselves. As algorithms often seem opaque to humans 
(black box), an alignment between an algorithm and the human process is difficult to 
realize. These two reasons appear strongly connected, given that false expectations 
are likely to increase the perceived distance between human and algorithm. In the fol-
lowing sections, I will discuss how false expectations and cognitive differences may 
be addressed, resulting in the development of my hypotheses.2

2.2  Disclosing an algorithm’s inner workings and perceived credibility

As outlined before, forecasting might benefit from additional information by the use 
of algorithms, particularly as forecasting is prone to diverse errors. These are caused, 
for instance, by irrational decisions due to missing knowledge in general (Brüggen 
et al., 2021), the high complexity of forecasts (Chen et al., 2022) or the forecaster’s 
tendency of overconfidence (Logg et al., 2019). Using an algorithm that is able to 
perform more accurate predictions might contribute to overcoming these limitations 
(Teoh, 2018).

Considering an algorithm to be an advice source in a forecasting setting, advice 
source credibility appears crucial, given that individuals rely more often on sources 
that they consider more credible (Alvarado-Valencia & Barrero, 2014; Petty & 
Cacioppo, 1986). In this regard, perceived competence and trustworthiness are the 
two main components that determine perceived credibility. In order for an advice 
source to be perceived as more competent and trustworthy, it should be perceived 
as knowledgeable and unbiased (Fogg & Tseng, 1999). For an algorithmic advice 
source, this is particularly difficult to achieve as many decision-makers lack experi-
ence with such decision-aids (Gillespie et al., 2023).

Therefore, disclosing ideas and steps in the development and the decision-making 
process of an algorithmic model (‘inner workings‘) might help to demystify the pre-
viously opaque approach of algorithms. Especially for unexperienced users, basics 
such as the distinction between training and test data are crucial to open the fre-
quently perceived black box (Gillespie et al., 2023; Miller, 2019). This might estab-
lish a starting point regarding algorithm understanding and experience that builds 
trust and therefore credibility towards algorithms as the literature on Explainable 

2  Although this paper investigates ideas how to promote algorithm reliance, it is important to note that the 
use of algorithms can induce certain risks. To mention a few, the promotion of algorithms might lead to 
over-reliance on algorithms in settings where even algorithms reach their limits (Krügel et al., 2022) or to 
egoistic and morally questionable decisions (Krügel et al., 2023). A decision maker’s task should always 
be to question the limitations and possible consequences of trusting an algorithmic decision aid (Janssen 
et al., 2017). Nevertheless, in order to benefit from the numerous potentials by simultaneously controlling 
for negative effects, it is crucial to illuminate factors that drive algorithm reliance.
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Artificial Intelligence (XAI) points out (Adadi & Berrada, 2018; Lipton, 2018). The 
aspect of transparency that involves the disclosure of central information seems to 
be the most prevailing idea in this regard (Jobin et al., 2019). In line with this, I sug-
gest that a description of core principles and its operating approach, for example the 
presentation of inherent rule sets, is an essential part of making an algorithm more 
credible.3

As outlined in Sect. 2.1, humans tend to have false expectations that are in conflict 
with the credibility of algorithms. Correcting such false expectations might enhance 
the perceived credibility of the algorithmic advice source by making decision-makers 
aware of main assumptions and limitations. Gaining insights into how an algorith-
mic model processes information may help decision-makers recognize two important 
aspects. Firstly, considering superiority, decision-makers who believe that a human 
or their own approach is superior, e.g., due to overconfidence (Logg et al., 2019; Sieck 
& Arkes, 2005), might learn that many algorithms actually perform similar steps 
with the advantage of a comparatively higher processing power, resulting in a faster 
and potentially less erroneous outcome (Jussupow et al., 2020). Individuals therefore 
might identify situations where human decision-making may be prone to error or bias 
and consider using algorithms to augment or replace human judgment. Secondly, 
considering task understanding, decision-makers might learn about the possibility to 
incorporate new, potentially crucial aspects like additional data (Breuker et al., 2016) 
into their own analysis, resulting in a new understanding of impactful drivers. This is 
a precondition for (big) data analytics that, in most cases, are not possible to perform 
without some sort of algorithmic intervention (Bhimani & Willcocks, 2014).

Next to correcting false expectations, both aspects are essential considerations to 
achieve a higher alignment between human and an algorithmic approach that should 
mitigate the previously outlined cognitive differences (see Sect. 2.1). Eventually, an 
algorithm might be perceived more realistically, and therefore more understandable 
and credible. Dealing with the inner workings of an algorithm can help individuals 
to understand how algorithmic suggestions and results are developed and reflect on 
drivers that have an effect in a certain decision-making process, making it easier to 
justify the use of algorithms.4 Thus, decision-makers can consider the algorithm a 
more credible source as it might be assessed (rationally) superior to human experts, 
resulting in a stronger algorithm acceptance.

The XAI literature finds several possibilities to make complex algorithms more 
explainable (Adadi & Berrada, 2018) to increase trust in and therefore the usage of 
algorithms. Interesting findings in this regard are that completeness and soundness 

3  Prior research already analyzed the effect of performance information of an algorithm on its use. Ensur-
ing more realistic expectations like an algorithm’s better performance on average (Dawes et al., 1989) 
should increase algorithm credibility and therefore mitigate the aversion. However, the existing literature 
points out that such performance information might even be considered a main driver of algorithm aver-
sion as it reveals algorithmic errors (Dietvorst et al., 2015; Jung & Seiter, 2021) that, in turn, conflict with 
the unrealistically high expectations (Dietvorst et al., 2018). This is why I focus on a description referring 
to the general functioning of an algorithm.

4  In a broader context, this might be a critical aspect in terms of accountability as well. Decision-makers 
often ought to explain their decisions to internal or external parties (Malmi & Brown, 2008; Messner, 
2009) which is a particularly complicated challenge in case it involves (big) data analytics (Arnaboldi 
et al., 2017).
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of explanations are important drivers of algorithm reliance while completeness tends 
to be more relevant than soundness (Kulesza et al., 2013). This suggests that giving 
rather comprehensive information is more promising than a seemingly sound but 
incomplete set of information. In line with this, Turel and Kalhan (2023) point out 
that sufficient information is needed to correct subconscious biases against an algo-
rithmic decision aid.

Since this research focuses on rather broad algorithms, disclosing detailed yet 
basic background information about an algorithm may enhance general algorithm 
understanding, thereby reducing false expectations and cognitive differences. The 
correspondingly enhanced perceived credibility may result in an increasing effect on 
algorithm reliance. Therefore, I state the following hypothesis:

H1: When inner workings are disclosed (not disclosed), the decision-maker’s 
reliance on algorithms is higher (lower).

2.3  Thinking style

Since algorithms process information in an entirely analytic and rational way, a 
considerable difference exists compared to humans who consciously and subcon-
sciously rely on intuition. Insights into how individuals reason are provided by the 
dual-process theory that is broadly discussed in the cognitive psychology literature 
(Evans, 2003, 2008, 2019; Kahneman & Frederick, 2002). According to this theory, 
an individual’s reasoning process is two-fold: intuitive thinking is an instinctive form 
of universal cognition that is natural, automatic and heuristic (Gervais & Norenza-
yan, 2012; Stanovich & West, 2013); analytic thinking, in contrast, works completely 
sequential, logical, deductive and is therefore considered to trigger rational behavior 
(Evans, 2003).

There are individual differences in a way that some people tend to engage more in 
analytic thinking than others (Cacioppo & Petty, 1982; Frederick, 2005). Moreover, 
analytic thinking has limits due to its cognitive load (Evans, 2008), given that it is 
often time-consuming and demanding. Nevertheless, people are able to perform both 
thinking styles (Evans & St, 2003; Stanovich & West, 2008).

The dual-process theory suggests that intuitive thinking is active by default (Evans 
& Stanovich, 2013; Stanovich & West, 2008). However, it is possible to activate an 
analytic mindset in a sense that it may override parts of individual thinking (Evans, 
2003). In case of activation, decision-makers may take more time to logically think 
about the superior solution to a problem and might deviate from their intuition. For 
some tasks, intuitive thinking is beneficial, i.e., faster, especially when task complex-
ity is low, consequences are not too severe or the decision-maker’s experience and, 
thus, intuition is of high value for the decision (Bargh & Ferguson, 2000; Dijkster-
huis & Nordgren, 2006). However, major decisions with higher complexity are often 
susceptible for biases and can therefore be improved by analytic reasoning (Milkman 
et al., 2009).

Due to its rational nature, individuals engaging in analytic thinking will take their 
time to strive for the best solution and react less affective (Kahneman, 2011). Thus, an 
algorithm that processes more task-relevant data than a human should be considered 

1 3



The effects of disclosing an algorithm’s inner workings and analytic…

rationally superior and therefore may be preferred. In contrast to that, intuitive think-
ing might be a main reason for decision-makers to discount algorithms, for example 
due to the tendency of individuals to distrust technology in the first place (Davis, 
1989) so that they intuitively fall back to their own judgment or rather use a human 
advice source. An intuitive preference for human judgment might occur due to the 
higher similarity between oneself and another human being, as, to a certain degree, 
decision-makers tend to strive for decisions that are based on familiarity (Simon, 
1955). When sufficient information about an algorithm is given, this is strongly con-
nected to the cognitive compatibility idea that was previously introduced: Individuals 
engaging in analytic thinking should feel less distant from an algorithm, resulting in 
a higher compatibility between the algorithmic approach and the individual way of 
processing.

Moreover, individuals cannot only reflect on their own biases and preconceptions 
(White, 2005), but also on the opportunities that an algorithmic decision aid might 
provide in this context. Analytic thinking therefore might support decision-makers to 
avoid making irrational judgments about algorithms. This idea is closely related to 
the effect of disclosing an algorithm’s inner workings as individuals can only analyti-
cally consider an algorithm’s potential advantage if it is not entirely opaque. Con-
trarily, the findings of Woolley and Risen (2018) suggest that people tend to prefer 
their intuitive judgment even if other, more objective information is provided. Thus, 
disclosed algorithm information can be processed more effectively by individuals 
engaging in analytic thinking, potentially resulting in an increased use of the algo-
rithm. This implies a positive interaction effect of analytic thinking on the relation 
between information disclosure and algorithm reliance.

However, it is also possible that this potential interaction effect is weakened when 
individuals who prefer intuitive thinking rely on algorithmic advice in order to com-
pensate for their own lack of analytic thinking. Disclosing how an algorithm works 
may help to identify the complementarity of the approaches chosen by the intuitively 
thinking individual and the algorithm. Given the ambiguity inherent in the relation-
ship between thinking style and disclosing an algorithm’s inner workings, I formulate 
the following non-directional hypothesis.

H2: The effect of disclosing an algorithm’s inner workings on algorithm reli-
ance depends on whether analytic or intuitive thinking is activated.

In order to address the hypotheses, I conducted two experiments. In the next section, 
the experimental design and procedures of these experiment will be discussed.
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3  Experimental design

3.1  Experiment 1

3.1.1  Participants

I conducted an online experiment with 300 participants recruited from Prolific 
(www.prolific.com).5 Due to several attention check questions that will be outlined 
in Sect. 3.1.5, the main sample includes 196 participants on whom main analyses 
are conducted. Essential information about the task and context was presented in the 
experiment and no special knowledge or experience in management or accounting 
was needed to understand the task itself. Focusing on the general population appears 
appropriate since, for example, students often show a higher degree of algorithmic 
knowledge (Alexander et al., 2018; Önkal et al., 2009). Furthermore, as Mahmud 
et al. (2022) point out, algorithm reliance studies should be conducted with sam-
ples that rather represent the real decision environment in terms of a more diverse 
population. Therefore, the only precondition for all participants was that they were 
German native speakers, since the text-intensive experiment was conducted in Ger-
man language. The demographic data shows a diverse set of participants in terms of 
age (m = 32.4, sd = 10.3), gender (male: 115; female: 75; diverse: 5; not specified: 1) 
and profession (employed: 109; self-employed: 19; student: 52; other: 16). Median 
completion time of the experiment was close to 14 min for which the participants 
received £ 2.25, resulting in an average hourly wage of £ 9.64, thus, exceeding the 
hourly wage of £ 9.00 recommended by Prolific.6

3.1.2  Overview and experimental task

In the experiment, participants assumed the role of a decision-maker with high respon-
sibility for a fictional company. They had to make a final product demand estimation 
after they had received several information about the decision-making setting. This 
information involved a product manager (human expert) and his estimation as well as 
a data scientist who initiated an algorithm that generates another forecasting estima-
tion. Since there was no specific information about financial data, participants were 
expected to use the product manager’s output, the algorithm’s output or something in 
between, so that the extent of algorithm reliance could be observed. In order to test 
the hypotheses, I manipulated thinking style by conducting a word completion task 
at the beginning of the experiment and information disclosure of the algorithm within 

5  Prolific is an online crowdfunding platform, comparable to Amazon Mechanical Turk. Comparing dif-
ferent online platforms, Prolific is considered to provide the highest data quality for research purposes 
(Peer et al., 2017, 2022). In terms of effort and intrinsic motivation, online experiments might even be 
considered advantageous over lab experiments (Farrell et al., 2017). Facing challenges like less control-
lable environments, Prolific has comparably strict rules and guidelines, such as a comprehensive check 
and attention check policy, the possibility to reject certain participants due to misbehavior or restrictions 
to certain devices. (Palan & Schitter, 2018; www.prolific.com).

6  Prolific points out that £ 9.00 or more is a fair payment and leads to higher data quality (​h​t​t​p​s​:​​​/​​/​r​e​s​e​a​r​c​h​
e​​r​-​h​​e​l​​p​.​p​​r​o​l​i​f​​​i​c​.​c​​o​​m​​/​e​​n​/​a​r​t​i​​c​l​e​/​2​2​7​3​b​d).
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the experimental information. The experimental task was adapted from Chen et al. 
(2022) who use the task in an algorithm reliance context as well. After the decision, 
participants answered several questions for additional analyses (post-experimental 
questionnaire).

The experiment proceeded as follows. At first, a brief overview over the study 
was presented to the participants, followed by a word completion task that will be 
explained in the next section. After that, a general introduction to the case was given 
where participants were told that they assume the role of a CEO of InnoToy, an inno-
vative toy company. Further, they were informed about a new product that would 
soon be produced. For this reason, a demand forecast had to be finally determined 
by the CEO. Case information included an explanation that the forecast decision was 
crucial for personnel and production planning in order to meet market demands. In 
their role as CEO, participants were supposed to make an informed decision. Input 
for their decision could be obtained from two advice sources: A product manager and 
a data scientist who utilizes an algorithm. Both internal sources of information were 
presented as equally experienced employees whose salary is dependent on the preci-
sion of their forecast. The product manager’s estimation was set to 70,000 units and 
the algorithm estimation to 50,000 units.

3.1.3  Independent variables

Regarding the experimental design, I used a 2 × 2 between-subjects format to manip-
ulate the independent variables ‘inner workings’ (with regard to the algorithm) and 
‘thinking style’.

The ‘inner workings disclosed’ condition provided additional information about 
the algorithmic decision aid. More precisely, information about its operating approach 
and basic principles about its development were given to enable the decision-maker 
to develop a thorough understanding of how the algorithm works and why it does so. 
Participants, for example, received information about a content analysis that clas-
sified text from social media and news articles to be negative or positive in order 
to estimate the sales number more accurately. Moreover, the distinction between a 
training set and a validation set as a main development principle was explained thor-
oughly. To avoid a potential information overload, the given information was lim-
ited to this substantial information about the algorithm processing basics (Hartmann 
& Weißenberger, 2023). The ‘inner workings not disclosed’ condition provided no 
deeper information about the algorithm, solely stating that the algorithm incorporates 
data from several sources in order to generate the data scientist’s forecast estimations.

Regarding the ‘thinking style’ manipulation, the concept of priming was used. 
Priming can be understood as an implicit stimulus that affects the subsequent way 
of thinking (Clor-Proell & Nelson, 2007; Higgins et al., 1985). The analytic think-
ing condition primed participants for analytic reasoning with the help of a word 
completion task,7 previously performed in Huntsinger (2011) and White (2005). The 

7  I acknowledge that alternative ways to elicit analytic thinking, such as directly induce thinking style 
through explicit instructions as in Wolfe et al. (2020), could have been employed. However, such 
approaches are applicable in cases where participants have to perform a task that involves problem-
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intuitive thinking condition primed for the intuitive counter-part instead. The word 
completion task included ten target words that are strongly associated with either 
analytic thinking or intuitive thinking, e.g., the German translations of ‘analytic’, 
‘rational’, ‘systematic’ or ‘intuitive’, ‘spontaneous’, ‘effortless’. One letter was miss-
ing in each case so that participants had to type in the complete word. Next to the 
target words, five identical neutral words were added to both treatments in order for 
the target concepts to be less obvious. The fifteen words in total appeared in random 
order and were followed by one example that provided feedback in case participants 
did not enter the complete word correctly.

3.1.4  Dependent variable

To measure algorithm reliance as the variable of main interest, there are several pos-
sibilities, including the weight on algorithmic advice, the forecast decision itself and 
the perceived credibility of the algorithm. To capture how much weight participants 
placed on the algorithmic advice, they were asked to report the extent to which they 
included the advice in their decision immediately after making it. This question was 
presented as a two-fold slider from 0 to 100% for both advice sources that prevented 
inconsistent answers by allowing the sum of both weights to be 100% only. Due to its 
relative character, the reported weight on algorithmic advice reflects best what this 
study aims to analyze. Therefore, I use this conceptualization – that is a self-reported 
perception of algorithm reliance – as main dependent variable. To measure absolute 
algorithm reliance, it is possible to use the forecast decision itself. But there might 
be flaws in terms of interpreting absolute numbers (Chen et al., 2022) so that the 
participants’ decisions might not mirror their actual preference towards the algorith-
mic advice.8 Furthermore, perceived credibility of the advice source as one driver in 
this context was also measured by seven-point Likert-type scale questions, similar to 

solving or analysis (Dane & Pratt, 2009). This is not the case in this experiment. Additionally, a limitation 
of such direct methods is the high difficulty to determine whether participants actually used the desired 
thinking style (Dane & Pratt, 2009). Furthermore, experimental participants might tend to pay more 
attention to questions than to instructions (Peer et al., 2017). Thus, an indirect task might even be more 
appropriate to trigger a subconscious thinking style than a direct instruction that might be overlooked or 
even ignored. Still, the priming effects proved difficult to determine in this experiment as the results in 
Sect. 4.1.1 show.

8  In this context, two aspects should be noted: First, Chen et al. (2022) investigate if advice valence 
(good news vs. bad news) has an effect on algorithm reliance. In order to manipulate advice valence, a 
baseline of 60,000 units is set so that 50,000 units equal bad news and 70,000 equal good news. Results 
indicate that there might be lower algorithm reliance if an algorithm presents bad news. In order to adapt 
the experimental task to this paper, firstly, a baseline is not necessary and, secondly, algorithm output is 
set to 50,000 units for every participant in case participants perceive this to be bad news. This results in 
a scenario where an aversion towards algorithms is more likely to be present. Second, case information 
in the experiment gives no indications that any chosen number lower than 50,000 or higher than 70,000 
units makes sense or is useful to the fictional company. Instead, given information solely points out dif-
ferent reasons why the demand forecast should be as precise as possible. Still, three participants decided 
to choose 30,000, 40,000 and 80,000 units, respectively. They reported ‘own experience’ or ‘convincing 
investors’ as other factors that had influence on their decision. Therefore, absolute numbers might reflect 
more confounding factors than, for example, a relative weight that participants assign to the available 
advice sources.
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but more detailed than in Chen et al. (2022).9 In contrast to Chen et al. (2022), I do 
not use perceived credibility as dependent variable as it does not directly reflect the 
actual use of an algorithmic advice source. However, findings related to perceived 
credibility will be presented as a part of supplemental analyses in Sect. 4.2.2.

3.1.5  Exclusion of participants

In order to assure high data quality, a two-fold attention check was set in place. After 
reading the case information, participants had to answer attention check question one 
(Q1). Q1 was a multiple-choice question with three possible answers that asked for 
the type of product involved in the case. 299 participants answered correctly. Atten-
tion check question two (Q2) was set in place after participants had read the informa-
tion about the data scientist and the algorithm. Q2 was a multiple-choice question 
with three possible answers that were all true. Q2 asked which kinds of data were 
used by the algorithmic models. On average, 2.45 out of 3 correct crosses were set, 
resulting in 196 participants who have answered both questions correctly. Reasons 
for the high number of incorrect answers are difficult to determine. Although Q1 was 
answered almost entirely correctly and intrinsic motivation of Prolific workers tends 
to be high,10 it seems possible that either participants were not sufficiently attentive 
or Q2 had limitations. Potential limitations are: First, one possible answer was para-
phrased slightly different in the previously given text.11 Second, the question was 
set in place as part of the ‘inner workings’ manipulation, meaning that information 
complexity around the relevant information differed for participants. Third, partici-
pants might have become skeptical and insecure as they might not have expected all 
answers to be true and, therefore, tended to choose only one or two options. As it 
cannot be ruled out that the participants were not sufficiently attentive, Q1 and Q2 are 
used to exclude 104 participants who answered this question incorrectly, resulting in 
the main sample of 196 participants. A comparison of timestamps suggests that these 
participants were clearly engaged with the task as the ones in the ‘inner workings 
disclosed’ condition took significantly more time to read through the manipulated 
information on algorithm’s inner workings than those in the ‘inner workings not dis-
closed’ condition (153.34 vs. 91.47 seconds, p = 0.008).

9  While Chen et al. (2022) focus solely on the credibility of the advice source to measure algorithm reli-
ance, I asked participants not only to report their used weighting, but also for a more detailed assessment 
on credibility, i.e., if they find the source ‘trustworthy‘ and ‘competent‘.

10  Farrell et al. (2017) show that online workers have comparably high intrinsic motivation and tend to 
show a high effort level. This can also be observed in this experiment with regard to the final question 
participants could answer. They were asked whether they have guesses about the purpose of the study. 
Around half of the participants answered this question, even though it was optional and apparently the last 
question of the study.
11  The case information referred to ‘similar products’ whereas the attention check question used ‘other 
products’ as a possible answer.
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3.2  Experiment 2

3.2.1  Rationales for experiment 2

As pointed out in Sect.  2.2, the XAI literature finds several possibilities to make 
complex algorithms more explainable to increase trust in and, correspondingly, the 
reliance on algorithms (Adadi & Berrada, 2018). Considering information disclosure 
to be one of these possibilities, experiment 1 focuses on comparing the effects of 
disclosing information about the algorithm’s inner workings with providing no addi-
tional information about the algorithm.

However, instead of this dichotomous conceptualization, information disclosure 
can be considered as a more continuous construct with an optimal amount of infor-
mation. Various research streams consider partial information disclosure to be more 
promising for decision quality than full information disclosure. For example, Stocks 
and Harrell (1995) find that especially individuals struggle with a high amount of 
different information and tend to use it less thoroughly and less consistently in an 
evaluation setting involving financial distress. The feedback and optimal information 
disclosure literature argues that a high degree of information disclosure is suboptimal 
for stock markets as it reduces individual information acquisition endeavors (Gao & 
Liang, 2013).

These findings relate to the idea that there is an inverted U-curve for the effect of 
information environment complexity on the level of information processing (Schro-
der et al., 1967) that is interesting from an information science (Hwang & Lin, 1999) 
as well as from an accounting perspective (Libby, 1981; Stocks & Harrell, 1995). 
Especially in the context of the digital transformation, the high degree of information 
availability can easily result in an information overload of decision-makers (Roetzel, 
2019). In this regard, the relevance of information may be important as well. While 
irrelevant information might lead to lower decision quality, an increasing amount of 
relevant information has a consistently positive, albeit diminishing, effect on decision 
quality (Hartmann & Weißenberger, 2023; Iselin, 1996). Thus, it might be essential to 
consider a level of information disclosure that does not overwhelm decision-makers 
and actually results in a better understanding of algorithmic decision aids.

In order to take these ideas into account, a second experiment, described in the 
following sections, investigates different levels of information. As a further specifica-
tion of disclosing an algorithm’s inner workings, experiment 2 offers more detailed 
insights, with the potential to provide additional support for H1.

3.2.2  Participants

I conducted another online experiment with 90 participants recruited from Prolific. 
Equivalent to the first experiment, the only precondition for all participants was that 
they were German native speakers. The demographic data of the participants is com-
parable to experiment 1 in terms of age (m = 32.94, sd = 11.69) and gender (male: 
58; female: 31; diverse: 1). Compared to experiment 1, the proportion of students is 
lower in the experimental population (employed: 53; self-employed: 7; student: 19; 
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other: 11). Median completion time of the experiment was close to 9 min for which 
the participants received £ 1.60, resulting in an average hourly wage of £ 10.67.

In this experiment, it is not necessary to exclude any participants from the data 
analysis, as both attention check questions were answered entirely correctly.12

3.2.3  Experimental task

Regarding the experimental setting, the second experiment was mainly based on the 
first experiment, with a specific focus on the idea to further differentiate levels of 
information about the algorithm in a similar forecasting decision. In addition, a few 
changes were made in order to gain further insights:

Due to several design choices, experiment 1 provided data for only one decision 
per participant and did not randomize between human and algorithm advice direc-
tion. Preventing confounding effects, the second experimental setting included fore-
cast decisions for four different regions in order to examine whether the results are 
robust across slightly different sets of numbers. This might be crucial since differ-
ences between human and algorithm advice may be considered as bad news or good 
news according to Chen et al. (2022). The forecast values of the algorithm (prod-
uct manager) were alternated with a different factor in each case so that the range 
between the two values remained the same in relative terms: 50,000 (70,000); 35,000 
(25,000); 35,000 (49,000); 91,000 (65,000) for regions 1–4.

3.2.4  Independent and dependent variables

As mentioned before, the second experiment focused on the disclosure of algorithm 
information in a more nuanced way than the first experiment. Priming thinking style 
was not included in the second experiment due to possible confounding factors that 
will be outlined in Sect. 4.1 and 5. Therefore, I relied on a 3 × 1 between-subjects 
format to manipulate the independent variable ‘information level’ with regard to an 
algorithm’s inner workings, sharing a ‘detailed’, ‘medium’ and ‘low’ level of insights 
with the participants.

To implement considerable differences between the manipulations, the following 
adjustments compared to experiment 1 were made:13

	● In the ‘detailed’ treatment, information about the development of the algorithm 
was presented including highly detailed examples. Furthermore, deliberate re-

12  The first attention check question was taken from the first experiment. Due to the potential issues of the 
second attention check question (see Sect. 3.1.5), the question was replaced with another common way 
to check for inattentive participants – a seven-point Likert-type format question where participants were 
instructed to check a certain field.
13  Comparing the first and second experiment with each other, the ‘inner workings disclosed’ condition 
can be situated in between the ‘detailed’ and the ‘medium’ treatment, while the ‘inner workings not dis-
closed’ condition is slightly above the ‘low’ treatment in terms of level of information. The design choices 
ensure that the ‘detailed’ and ‘medium’ condition can both be seen as treatments in which the inner work-
ings are disclosed to the participants – involving different loads of information – while the ‘low’ condition 
is comparable with the ‘inner workings not disclosed’ condition.
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dundancies and short rephrasing summaries were integrated to ensure a certain 
learning effect.

	● The ‘medium’ treatment also informed participants about the most important in-
ner workings of the algorithm, but relied on much shorter explanations and did 
not include any examples or repetitions.

	● While the product manager and the data scientist were presented equally here as 
well, the ‘low’ treatment solely mentioned that the data scientist makes an as-
sessment with the help of a self-developed algorithm without sharing any further 
information.

The manipulation of information load across the three treatments was consistent, 
with the number of words being varied by roughly the same amount in each condi-
tion. Following the ideas of the first experiment, participants were asked to report the 
weight they assigned to the algorithmic advice for each of the four decisions. The 
separate decisions enable additional analyses, while the average weight on algorith-
mic advice across all decisions is used as the main dependent variable.

4  Results

4.1  Main analyses

4.1.1  Test of hypothesis 1

H1 predicts a main effect of disclosing an algorithm’s inner workings on the weight 
decision-makers place on the algorithmic advice source. To formally test this hypoth-
esis, I conduct several statistical analyses.14

An ANOVA, as commonly used for comparable 2 × 2 factorial designs (Kirk, 
2009), is presented in Table 1. Results show a slight tendency of disclosing an algo-
rithm’s inner workings on the weight on algorithmic advice (m = 56.84 vs. 55.67, 
p = 0.597). This difference is insignificant. The expected direction cannot be identi-
fied in the full sample (n = 300) either, due to almost identical mean values of the 
dependent variable (m = 55.00 vs. 55.41, p = 0.819).

Analyses of experiment 2
In order to better understand the results and to investigate Hypothesis H1 with 

greater detail, I conducted another experiment focusing specifically on the effect of 
sharing different levels of information with regard to an algorithm’s inner workings. 
The second experiment takes into account that there might be varying effects due to 
the potential non-linearity between the amount of information and algorithm reliance 
and, simultaneously, leaves out the priming part as a potential source of interference. 
The focus on the inner workings concept and the slight changes in the experimental 
design help to emphasize the effect of disclosing an algorithm’s inner workings on the 
weight on algorithmic advice. In order to check whether the manipulation has worked 

14  All tests are two-tailed due to a potential bidirectionality of the effect of disclosing an algorithm’s inner 
workings on algorithm reliance.

1 3



The effects of disclosing an algorithm’s inner workings and analytic…

properly, participants had to answer several questions with regard to the algorithm 
information they received. Asking if algorithm information was disclosed (m = 6.07 
vs. 5.91 vs. 2.76), whether plenty of information was given (m = 6.17 vs. 6.09 vs. 
2.93), how complete the information was perceived (m = 5.59 vs. 5.19 vs. 3.10) and 
how sound the information was perceived (m = 5.86 vs. 5.34 vs. 3.31) revealed sig-
nificant differences between the ‘detailed’, ‘medium’ and ‘low’ treatment.15

Since the ‘medium’ and the ‘detailed’ treatment both disclosed the most relevant 
inner workings of the algorithm, an ANOVA using the weight on algorithmic advice 
might provide further support for H1. As can be seen in Table 2, Panel A and B, 
the effect of disclosing an algorithm’s inner workings has a highly significant effect 
on algorithm usage (m = 58.51 vs. 59.94 vs. 47.17, p = 0.005).16 More specifically, 

15  The questions had a seven-point Likert-type format. Differences between the ‘low’ and ‘detailed’ level 
as well as between the ‘low’ and ‘medium’ level are highly significant (p < 0.001).
16  This effect is not only highly significant, but also notably large (Cohen, 1988). Compared to other 
offline and online experiments in the algorithm reliance domain, such as Dietvorst et al. (2015) that report 
effect sizes of η² between 0.024 and 0.069, or Logg et al. (2019) with η² between 0.01 and 0.08 in large 
sample sizes of n > 300 participants. With η² = 0.113, p < 0.01 and a sample size of n = 90, experiment 2 has 

Table 1  Effect of disclosing an algorithm’s inner workings and thinking style on weight on algorithmic 
advice (ANOVA) in the main sample in experiment 1 (n = 196)
Panel A:Means and standard deviations for weight on algorithmic advice
Thinking style Inner 

workings
Mean Std. Deviation N

Intuitive thinking Not 
disclosed

56.04 13.841 48

Disclosed 56.80 18.180 49
Total 56.42 16.099 97

Analytic thinking Not 
disclosed

55.24 13.605 41

Disclosed 56.88 16.145 58
Total 56.20 15.094 99

Total Not 
disclosed

55.67 13.660 89

Disclosed 56.84 17.024 107
Total 56.31 15.560 196

Dependent variable: weight on algorithmic advice – Participants had to adjust two sliders (weight on 
product manager forecast / weight on data scientist forecast) so that they add up to 100%.
Panel B: ANOVA
Factor Type III 

Sum of 
Squares

df Mean 
Square

F p-value Partial 
Eta 
Squared

Inner workings 68.906 1 68.906 0.281 0.597 0.001
Thinking style 6.158 1 6.158 0.025 0.874 0.000
Inner workings x Thinking style 9.369 1 9.369 0.038 0.845 0.000
Error 47129.592 192 245.467
ANOVA results indicate that neither the disclosure of the algorithm’s inner workings (p = 0.597, η² = 
0.001) nor thinking style (p = 0.874, η² = 0.000) have a significant effect on the weight on algorithmic 
advice. The interaction effect is also non-significant (p = 0.845, η² = 0.000), suggesting that thinking 
style does not moderate the effect of disclosure.
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this effect can be traced back to the differences between the ‘low’ and the ‘medium’ 
level (m = 47.17 vs. 59.94, p = 0.008) as well as between the ‘low’ and the ‘detailed’ 
level (m = 47.17 vs. 58.51, p = 0.024) with the help of a post-hoc Tukey HSD test 
(Table 2, Panel C). These results are robust for several ways to measure the depen-
dent variable.17

uncovered a comparably large and highly significant effect of disclosing an algorithm’s inner workings on 
algorithm reliance.
17  The results are consistent for all of the single regional decisions except for region 2. Region 2 decisions 
do not produce significant differences between the three groups (m = 49.45 vs. 58.91 vs. 53.31, p = 0.188). 
This might be due to the fact that region 2 has the narrowest absolute span between both advices, possibly 
affecting the participants’ perception of advice source differences. This indicates that the different sets of 
numbers might have different effects on algorithm reliance. I elaborate on this in supplemental analyses 
(Sect. 4.2.4).

Table 2  Effect of level of information on weight on algorithmic advice (ANOVA) in experiment 2
Panel A: Means and standard deviations for weight on algorithmic advice
Information level Mean Std. 

Deviation
N

Low 47.17 16.404 29
Medium 59.94 16.282 32
High 58.51 15.751 29
Total 55.36 16.962 90
Dependent variable: weight on algorithmic advice – Participants had to adjust two sliders (weight on 
product manager forecast / weight on data scientist forecast) so that they add up to 100%.
Panel B: ANOVA

Sum of 
Squares

df Mean Square F p-value Partial 
Eta 
Squared

Information level 2905.932 2 1452.966 5.568 0.005 0.113
Error 22700.721 87 260.928
Total 25606.653 89
ANOVA results confirm a significant main effect of information level on the weight on algorithmic 
advice (p = 0.005, η² = 0.113).
Panel C: Post-hoc Tukey HSD test

(I) Infor-
mation 
level

(J) Infor-
mation 
level

Mean 
Difference 
(I-J)

Std. 
Error

p-value 95% 
Confidence 
Interval
Lower 
Bound

Upper 
Bound

Tukey HSD Low Medium -12.772 4.141 0.008 -22.648 -2.897
Detailed -11.344 4.242 0.024 -21.459 -1.229

Medium Low 12.772 4.141 0.008 2.897 22.648
Detailed 1.428 4.141 0.937 -8.447 11.303

Detailed Low 11.344 4.242 0.024 1.229 21.459
Medium -1.428 4.141 0.937 -11.303 8.447

Based on observed means.
The error term is Mean Square (Error) = 260.928.
The Tukey HSD test further clarifies the effect of information level, showing that the significant dif-
ferences stem from the contrast between the ‘low’ condition and both the ‘medium’ (p = 0.008) and 
‘detailed’ (p = 0.024) conditions.
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While the disclosure of relevant inner workings results in a significantly increased 
algorithm reliance, the findings indicate that there is a tendency of the ‘detailed’ treat-
ment to lead to marginally lower algorithm reliance, implying a concave relationship. 
This suggests that there might be an optimum of information load as too much infor-
mation might lead to cognitive challenges (information overload) or even increase 
distrust in some algorithmic mechanisms. Still, the difference between the ‘detailed’ 
and the ‘medium’ treatment is insignificant (p = 0.937).

Thus, the results of experiment 2 provide support for H1 and indicate that the 
relationship between information load and algorithm reliance may indeed be of a 
concave nature.

To disentangle these divergent findings, I further analyze the data from experiment 
1. Possible explanations might be connected to the priming techniques used in the 
first experiment, as the robust and significant results of experiment 2 indicate. There-
fore, the following considerations present a manipulation check and rather explor-
ative analyses based on a restricted sample of experiment 1.

Manipulation check of experiment 1
In order to verify possible limitations of the priming approach, the manipulation 

of ‘thinking style’ requires further attention in the form of a manipulation check. 
The mean score in the word completion task is 14.43 out of 15 words. Most mis-
takes clearly stem from spelling mistakes. Accordingly, there are no indications that 
participants did not process the target words as expected, which is a precondition 
for the priming approach. In order to analyze if the priming was effective, I asked 
several questions regarding the participants’ decision manner. After the decision, 
participants had to answer six seven-point Likert-type scale questions. They had to 
assess their own decision in terms of different criteria. I asked to which degree they 
made their decision in a rational, random or slow manner by using different wording, 
for example: “I made my decision in a slow manner.” and “I made my decision in a 
fast manner.”. Differences between the intuitively and analytically primed groups are 
statistically not significant in the main sample. Tendency-wise, the priming approach 
even had counterintuitive effects on participant behavior, e.g., a potentially more 
rational approach of intuitively primed vs. analytically primed subjects (“I made my 
decision in a conscientious manner.”, m = 5.92 vs. 5.76, p = 0.227). This suggests that 
the priming approach did not work properly in the main sample which might explain 
parts of the unexpected findings.

Robustness checks and explorative analyses based on a restricted sample
Due to the manipulation check results, I perform further analyses on a restricted 

sample with 132 participants, applying even stricter quality filters. Next to the atten-
tion check criterion, time is a crucial aspect as the experiment involves priming 
techniques. In order to ensure that the priming approach works appropriately, data 
collection should be following the temporary activation of concepts as soon as pos-
sible (Bargh & Chartrand, 2014). These thoughts are supported by a meta-analysis 

Also, I calculated the actual weight on algorithm advice participants used in their decisions (e.g., 55,000 
in region 1 equals a 75% actual weight on algorithm advice). Using the average of these actual decision 
weights in an ANOVA, results remain consistent except for the tendency that the ‘detailed’ treatment actu-
ally results in a slightly higher algorithm reliance than the ‘medium’ treatment (m = 47.46 vs. 58.89 vs. 
59.14, p < 0.001).
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on priming by Weingarten et al. (2016), stating that especially direct perception-
behavior effects as present in this study are highly time-sensitive. In effective prim-
ing studies, the intended measurement is performed very shortly after the priming 
occurred (e.g., Albarracin & Hart, 2011; Chartrand & Bargh, 1996; Fitzsimons et 
al., 2008; Weingarten et al., 2016). Therefore, participants who took a break or were 
exceptionally slow might affect results in an unexpected way. Besides, participants 
who were exceptionally fast might not have read information about the case and, 
especially, about the algorithm’s inner workings carefully. Ensuring the ‘inner work-
ings’ manipulation to work as expected, an exclusion of ‘speed-runners’ therefore 
seems logical. Since median completion time of the 196 remaining participants was 
≈ 14 minutes (sd ≈ 8), I choose a strict inclusion boundary of 10 to 18 minutes for fur-
ther tests.18 Validating these boundaries with the previously mentioned manipulation 
check, a t-test in the restricted sample reveals that participants in the analytic thinking 
condition reported a slightly lower decision speed than those in the intuitive thinking 
condition (“I made my decision in a slow manner.”, m = 3.28 vs. 2.95, p = 0.097). This 
self-assessment can be confirmed by analyzing experimental time stamps: Partici-
pants in the analytic thinking condition took significantly more time to submit their 
decision than participants in the intuitive thinking condition (m = 35.04 vs. 30.45 
seconds, p = 0.084). Furthermore, there is evidence that the priming did not work as 
intended beyond the defined boundaries: First, for participations over 18 minutes, a 
non-significant and even counter-intuitive effect between the analytic thinking and 
intuitive thinking treatments can be found in terms of self-reported decision time 
(m = 3.47 vs. 3.78, p = 0.226). Second, for participations under 10 minutes, analyti-
cally primed participants reported significantly lower decision times than intuitively 
primed participants (m = 2.63 vs. 3.40, p = 0.037), contradicting the idea of analytic 
thinking.19 The real decision times show similar but slightly significant tendencies. 
Therefore, the priming approach appears effective in the restricted sample only.20

18  Dropping response time outliers dependent on standard deviation is a common method (Ratcliff, 1993; 
Vankov, 2023), especially in time-sensitive studies. I chose a rather strict inclusion criterion of 0.5 standard 
deviations around the median completion time as both the treatments in this study are specifically sensitive 
to completion time outliers. For the inner workings manipulation, it is especially important that partici-
pants take their time to read and incorporate the information (lower boundary) and for the thinking style 
manipulation to make decisions shortly after the priming was performed (upper boundary). Another argu-
ment for the lower boundary is that a certain level of thoroughness is required in order to (subconsciously) 
perceive the priming concepts.
19  Another possible confound with regard to thinking style might be time pressure. Inducing time pressure 
might lead to a shift to intuitive thinking, as Evans & Curtis-Holmes (2005) show. While there was no 
direct time pressure implemented in this experiment, some participants might feel a certain degree of time 
pressure to finish the experiment quickly in order to maximize their own outcome.
20  The priming approach was also ineffective in the full sample as there are insignificant differences in 
decision times (m = 34.01 vs. 33.76 s, p = 0.463) and a contrary effect for the self-reported decision speed 
(m = 3.08 vs. 3.32, p = 0.086) due to the inconsistent participant behavior in the lower and upper time seg-
ment. In general, the effects of priming are highly subtle and therefore rather difficult to measure (Bargh & 
Chartrand, 2014). For this reason, other experimental research already regards the priming approach to be 
successfully implemented if, for example, participants consider words used for priming to be related to the 
targeted concept (Andrejkow et al., 2022). For the task used in this research, White (2005) and Huntsinger 
(2011) ensured that this relation between target words and target concepts is given.

1 3



The effects of disclosing an algorithm’s inner workings and analytic…

Further analyzing the restricted sample, a t-test between the two experimental 
treatments ‘inner workings disclosed’ and ‘inner workings not disclosed’ shows an 
slightly significant difference in weight on algorithmic advice (m = 59.36 vs. 55.29, 
p = 0.146). Table 3 repeats the ANOVA analyses in the restricted sample (n = 132). 
Panel B reveals an insignificant, but clearer effect of disclosing an algorithm’s 

Table 3  Effect of disclosing an algorithm’s inner workings and thinking style on weight on algorithmic 
advice (ANOVA) in the restricted sample (n = 132) in experiment 1

1 3



A. Pinzger

inner workings on the weight on algorithmic advice compared to the main sample 
(m = 59.36 vs. 55.29, p = 0.162).21 Another frequently used method to test for differ-
ences in experimental conditions is contrast coding (Buckless & Ravenscroft, 1990; 
Guggenmos et al., 2018). By using a [-1, 1, -1, 1] contrast (see also Table 4), the 
main effect of disclosing an algorithm’s inner workings (H1) is, consistent with the 
ANOVA results, slightly significant (t = 1.417, p = 0.160).

4.1.2  Test of hypothesis 2

H2 addresses the potential interaction effect of analytic thinking on the relationship 
between disclosing an algorithm’s inner workings on algorithm reliance. In order 
to address H2, I first refer to the ANOVA results (see Table 1, Panel B). They indi-
cate that no significant interaction effect of both independent variables on the weight 
on algorithmic advice can be found in the main sample (p = 0.845). Considering the 
graphical presentation of the ANOVA results in the restricted sample (Table 3, Panel 
C), a potential direct effect of both manipulated variables – inner workings and think-
ing style – seems plausible. While this tendency will be examined in supplemental 
analyses, a significant interaction effect cannot be identified. A further analysis using 
a [1, 1, 1, -3] contrast, which tests whether the mean for the inner workings dis-
closed / analytic thinking condition differs from the average of all other cell means, 
also yields an insignificant result (t = -1.471, p = 0.146). The results are reported in 
Table 4. The lack of significant evidence suggests that any potential interaction effect 
is weak or inconsistent.22 However, the following section provides analyses of a pos-
sible joint effect of disclosing an algorithm’s inner workings and thinking style that 
might be present after all.

4.2  Supplemental analyses

4.2.1  Joint effect of disclosing an algorithm’s inner workings and thinking style

In order to gain a deeper understanding of the manipulated concepts and their effect 
on algorithm reliance, I perform additional analyses with the restricted sample.23 

21  Despite the insignificant results, the analyses of the restricted sample show more support for the theo-
retical predictions. However, the effect size measure partial eta squared (η² ~ 0.01) is considered very small 
(Cohen, 1988). While some priming experiments have found significant results with comparable effect 
sizes, such as experiment 3 by Wolfe et al. (2020) with η² = 0.013, the observed effect remains marginal. 
Bayesian statistics following Derks et al. (2025) and Jeffreys (1961) yield a Bayes factor of BF10 = 0.065, 
providing evidence against a meaningful effect. Moreover, post-hoc power analyses indicate that, given 
the current sample size (n = 132), only effects of η² ≥ 0.045 would have been detectable at a significance 
level of 10%, with a power of 80%. This suggests that the absence of a statistically significant effect could 
be due to the limited power of the study rather than the absence of a true effect. These considerations 
highlight potential limitations of the priming approach within this experiment. This deduction is further 
supported by comparable analyses for experiment 2 (see footnote 16).
22  There is also no significant effect in the full sample (t = 0.142, p = 0.888).
23  As the priming approach appears effective only in the restricted sample, the supplemental analyses 
of experiment 1 (Sect. 4.2.1 to 4.2.3) are based on this sample. Any qualitative differences between the 
samples will be indicated.
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Since the graphical representation of the results and the mean comparisons in the 
restricted sample of experiment 1 indicate a possible main effect for both investigated 
variables (Table 3, Panel A and C),24 another contrast might help to pinpoint the rela-
tions present in experiment 1. A [-1, 0, 0, 1] contrast tests for a difference between the 
inner workings not disclosed / intuitive thinking and the inner workings disclosed / 
analytic thinking condition while simultaneously taking no notice of the other condi-
tions. This approach is useful because it compares the situation where both variables 
are manipulated towards enhancing algorithm reliance versus the situation where 
both variables are set to the ‘standard’ initial situation involving a low availability of 
algorithm information and intuitive thinking presumed as the default approach. The 
contrast is statistically significant at the 5% level (t = 2.002, p = 0.049), implying a 
joint effect of both variables on the weight on algorithmic advice.

In addition, as I suggest that thinking style reinforces the effect of disclosing an 
algorithm’s inner workings on algorithm reliance, a certain outcome order of the four 
experimental groups may be interesting to look at. A contrast test with a [-2, 1, -1, 2] 
specification allows to test for this order that is also apparent in the mean compari-
son. Assuming the ‘standard’ situation described above to be the starting point, the 
manipulation of one of both variables considered results in a weaker but still positive 
effect on the use of algorithms. The contrast is statistically significant at the 10% 
level (t = 1.804, p = 0.074).25

 Comparing these findings with previous results (see Table 3), I suggest that dis-
closing an algo-rithm’s inner workings and analytic thinking taken together have a 
significant and positive joint effect on the use of algorithms. Considering the sepa-
rate effects of information disclo-sure and analytic thinking, the potential lack of 
statistical impact in ANOVA approaches might stem from several factors like a gen-
eral tendency of weighting both advice sources equally (50:50), the subtle influence 
of priming and other experimental design choices that will be further discussed in 
section 5. Another explanation for the somewhat ambiguous findings concerning 
thinking style might stem from complex underlying mechanisms that drive a deci-
sion-makers tendency to rely on algorithms. These mechanisms will be examined in 
the next sections. 

4.2.2  Control variables and underlying mechanisms

As outlined in Sect. 2.2, algorithm reliance might be heavily driven by perceived 
advice source credibility, i.e., perceived competence and perceived trustworthiness 
(Chen et al., 2022; Petty & Cacioppo, 1986). Thus, I intend to identify mechanisms 
that may underlie the reliance on an algorithmic advice with the help of several addi-
tional data gathered during the experiment. This is why I asked participants after 
their forecast decision to which degree they find the product manager, the data scien-

24  A mean comparison of the experimental groups shows: The highest difference in terms of weight on 
algorithmic advice is between the inner workings disclosed / analytic thinking and the inner workings not 
disclosed / intuitive thinking condition (m = 60.89 vs. 53.53, sd = 16.899 vs. 13.356).
25  Due to the almost identical mean values of weight on algorithmic advice, the contrast analyses results 
are insignificant in the main sample as well as in the full sample.
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tist and the algorithm itself competent and trustworthy, resulting in six seven-point 
Likert-type scale questions analyzed in the following section.

Chen et al. (2022) consider perceived competence of product manager and data 
scientist to be the major driver in the given task. This is because the two advice 
sources should rather differ in competence than in general trust as they have similar 
incentives to aim for accuracy and therefore may be perceived equally trustworthy 
(Chen et al., 2022). This assumption can be validated based on a regression analysis 
(model 1) that investigates the effects of credibility elements on algorithm reliance 
(see Table 5). Perceived product manager (data scientist) competence has a strongly 
significant negative (positive) effect on algorithm usage (B = -14.595 (11.849), 
p < 0.001), while trustworthiness is not significantly related to algorithm reliance. 
This experiment offers an even more nuanced perspective on advice source cred-

Table 5  Regression analysis of advice source credibility on weight on algorithmic advice in the restricted 
sample (n = 132) in experiment 1
Panel A: Model Summary
Model R R Square Adjusted R Square Std. Error of the 

Estimate
1 0.635 0.403 0.374 12.867
Panel B:ANOVA
Model Sum of 

Squares
df Mean Square F p-value

1 Regression 13950.909 6 2325.152 14.044 0.000
Residual 20695.174 125 165.561
Total 34646.083 131

The regression model 1 examines the impact of advice source credibility measures on the weight on 
algorithmic advice and is highly significant (F = 14.044, p < 0.001).
Panel C:Coefficients
Model Unstandardized 

Coefficients
Standardized 
Coefficients

t p-value

B Std. 
Error

Beta

1 (Constant) 59.154 10.764 5.495 0.000
Product 
manager 
competence

-14.595 2.812 -0.621 -5.190 0.000

Product 
manager 
trustworthiness

-1.577 2.442 -0.075 -0.646 0.520

Data scientist 
competence

11.849 2.966 0.538 3.995 0.000

Data scientist 
trustworthiness

-0.503 2.425 -0.026 -0.208 0.836

Algorithm 
competence

-0.522 1.445 -0.036 -0.361 0.718

Algorithm 
trustworthiness

5.016 1.335 0.347 3.756 0.000

Dependent variable: Weight on algorithmic advice – Participants had to adjust two sliders (weight on 
product manager forecast / weight on data scientist forecast) so that they add up to 100%.
Independent variables: Participants were asked to which degree they find the product manager, the data 
scientist and the algorithm itself competent and trustworthy.
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ibility, since I not only asked for an assessment of the product manager and the data 
scientist, but for the algorithm itself as well. An interesting finding in this context 
is that for the evaluation of the algorithm itself, trustworthiness seems to replace 
competence as main driver for the ultimate algorithm reliance. Even if it does not 
seem common to assess an algorithm with humane criteria like competence or trust-
worthiness, the results raise the question of how detailed an advice source usage 
should be analyzed to learn more about underlying decision-making processes. More 
specifically, the distinction between the algorithm itself and the person responsible 
for it (e.g., data scientist, programmer) seems to be relevant for the perceived cred-
ibility and therefore the usage of an algorithmic decision aid. The fact that, in this 
experiment, a human employee is emphasized to be the person responsible for an 
algorithmic output, might have a severe effect on a general tendency of algorithm 
appreciation or at least a more neutral algorithm perception.

To gain a deeper understanding on the concepts of competence and trustworthi-
ness in this context, I perform regression analyses on data scientist competence, prod-
uct manager competence and algorithm trustworthiness. This is consistent with the 
previously mentioned mechanisms (see Table  5), as these sub-concepts of advice 
source credibility have a significant effect on the usage of the algorithmic advice.26 
All possible control variables are added to these regressions in order to test for effects 
that stem from individual participant characteristics.27 While the regression analysis 
on product manager competence is not significant, the ones on data scientist com-
petence (model 2) and algorithm trustworthiness (model 3) presented in Table 6 are 
significant. They are presented in Table 6.

The regression on data scientist competence (model 2) shows a significant inter-
action of the manipulated variables inner workings and thinking style (B = 0.525, 
p = 0.031). This indicates that, as opposed to the findings presented in previous analy-
ses, there might be a moderating effect after all. This effect refers to the data scientist 
competence that, in turn, affects the weight on algorithmic advice (model 1). How-
ever, the main effect coefficients of inner workings and thinking style are negative 
which is a contradiction to theory as they indicate a negative effect of disclosing an 
algorithm’s inner workings and analytic thinking on the perceived competence of the 
data scientist. Along with the interaction effect, this might represent the positive joint 
effect of both manipulated variables that is identified in Sect. 4.2.1.

Alternatively, the finding above could point to a moderated mediation effect. In 
order to analyze this idea, I use the PROCESS module for SPSS (Hayes, 2018). I rely 
on Model 7 of Hayes’ PROCESS module with a bootstrap sample of 5,000 replica-
tions to test for a mediated moderation. Prior studies indicate that bootstrapping is 

26  In the full sample, product manager trustworthiness (B = -2.854, p = 0.061) and data scientist trustwor-
thiness (B = 2.280, p = 0.079) show slight effects with p-values of less than 10%. Due to the limitations of 
the full sample, I focus on the restricted sample for the following analyses.
27  Various additional questions were asked in the experiment next to the usual demographics. Participants 
had to answer the 4-item Faith in General Technology and the 3-item Trusting Stance questionnaires 
(McKnight et al., 2011) as well as indicate their prior knowledge in terms of basic statistics and artificial 
intelligence, machine learning etc. in order to rule out alternative explanations. All questions were imple-
mented with a seven-point Likert-type format. Furthermore, participants had to assess their risk preference 
on a scale from 0 to 10.
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the recommended method for this type of analysis (Preacher & Hayes, 2008). The 
analysis confirms the regression results of model 2 (see Table 6) as the interaction 
effect of disclosing an algorithm’s inner workings and analytic thinking on data sci-
entist competence is significant (p = 0.003). Data scientist competence, in turn, has 
a significant effect on the weight of algorithmic advice at the 10%-level (p = 0.093). 
However, the confidence intervals for the indirect effect include zero, suggesting that 
there is no significant moderated mediation effect (-0.100; 7.795).28 Nevertheless, the 
analysis shows some clear tendencies paving the way for a deeper understanding of 
the connections between algorithm information, thinking style and different shapes 
of perceived credibility in future studies.

Coming back to regression model 2, other factors like the Rational Experiential 
Inventory (REI)29 rationality score (B = 0.151, p = 0.057) and Faith in General Tech-
nology30 score (B = 0.345, p < 0.001) have a significant positive influence on per-
ceived data scientist competence. Rational decision-makers and people generally in 
favor of technology, thus, seem to find a data scientist operating with algorithms 
rather competent.

The regression on algorithm trustworthiness (model 3) shows a few similar tenden-
cies with regard to Faith in General Technology (B = 0.312, p = 0.02) and the related 
concept of Trusting Stance (B = 0.209, p = 0.029). Since algorithm trustworthiness is 
strongly connected to technology trustworthiness, the significant effect of the men-
tioned scales is not surprising. Also, a higher prior knowledge in basic statistics might 
help to gain trust in algorithms. According to the regression, there is a corresponding 
effect on algorithm trustworthiness that is significant (B = 0.146, p = 0.086). Another 
factor that is relevant in many cases is risk preference. The regression analysis shows 
that a higher risk preference has a negative effect on algorithm trustworthiness (B = 
-0.104, p = 0.04). A potential explanation for this somewhat counterintuitive finding 
is that, for example, decision-makers who are more willing to take risks might hope 
for the human expert to be experienced and more adapted to the business setting. In 
contrast, risk-averse decision-makers might consider algorithms to be better able to 
smooth out outliers, spikes etc. in predictions.31

28  While the main sample yields qualitatively similar results, analyzing the full sample delivers a sig-
nificant interaction effect of inner workings and thinking style on data scientist competence (p = 0.037), 
a significant effect of data scientist competence on weight of algorithmic advice (p = 0.000) and zero is 
not included in the relevant confidence interval (0.094; 3.691). Due to the limitations of the full sample, I 
further focus on the restricted sample.
29  Detailed information about the REI can be found in Sect. 4.2.3.
30  According to McKnight et al. (2011), the Faith in General Technology scale focuses on the level of trust 
individuals have in technology or information systems as a whole, rather than in a specific kind of technol-
ogy. It aims to measure the general disposition of individuals to trust technology.
31  Regarding the reported effects of model 2 und 3, the results based on the main sample and the full 
sample are qualitatively similar. Risk preference is an exception, as it is the only factor that is significant 
in the main sample but insignificant in the full sample.

1 3



A. Pinzger

Pa
ne

l A
: M

od
el

 S
um

m
ar

y
M

od
el

R
R

 S
qu

ar
e

A
dj

us
te

d 
R

 S
qu

ar
e

St
d.

 E
rr

or
 o

f t
he

 E
st

im
at

e
2

0.
54

4
0.

29
6

0.
22

5
0.

65
1

3
0.

46
3

0.
21

4
0.

13
5

1.
04

6
Pa

ne
l B

:A
N

O
VA

M
od

el
Su

m
 o

f S
qu

ar
es

df
M

ea
n 

Sq
ua

re
F

p-
va

lu
e

2
R

eg
re

ss
io

n
21

.1
77

12
1.

76
5

4.
16

9
0.

00
0

R
es

id
ua

l
50

.3
68

11
9

0.
42

3
To

ta
l

71
.5

45
13

1
3

R
eg

re
ss

io
n

35
.4

98
12

2.
95

8
2.

70
3

0.
00

3
R

es
id

ua
l

13
0.

22
2

11
9

1.
09

4
To

ta
l

16
5.

72
0

13
1

R
eg

re
ss

io
n 

m
od

el
 2

 e
xa

m
in

es
 th

e 
im

pa
ct

 o
f t

he
 m

an
ip

ul
at

ed
 v

ar
ia

bl
es

 a
nd

 p
os

si
bl

e 
co

va
ria

te
s o

n 
da

ta
 sc

ie
nt

is
t c

om
pe

te
nc

e 
an

d 
is

 h
ig

hl
y 

si
gn

ifi
ca

nt
 (F

 =
 4.

16
9,

 p
 <

 0.
00

1)
.

R
eg

re
ss

io
n 

m
od

el
 3

 e
xa

m
in

es
 th

e 
im

pa
ct

 o
f t

he
 m

an
ip

ul
at

ed
 v

ar
ia

bl
es

 a
nd

 p
os

si
bl

e 
co

va
ria

te
s o

n 
al

go
rit

hm
 tr

us
tw

or
th

in
es

s a
nd

 is
 h

ig
hl

y 
si

gn
ifi

ca
nt

 (F
 =

 2.
70

3,
 p

 =
 0.

00
3)

.
Pa

ne
l C

:C
oe

ffi
ci

en
ts

M
od

el
U

ns
ta

nd
ar

di
ze

d 
C

oe
ffi

ci
en

ts
t

p-
va

lu
e

B
St

d.
 E

rr
or

2
(C

on
st

an
t)

3.
71

0
0.

74
6

4.
97

4
0.

00
0

In
ne

r w
or

ki
ng

s
-0

.2
73

0.
16

9
-1

.6
15

0.
10

9
Th

in
ki

ng
 st

yl
e

-0
.1

62
0.

17
0

-0
.9

52
0.

34
3

In
ne

r w
or

ki
ng

s x
 T

hi
nk

in
g 

st
yl

e
0.

52
5

0.
24

0
2.

18
7

0.
03

1
R

EI
 ra

tio
na

lit
y 

sc
or

e
0.

15
1

0.
07

8
1.

92
0

0.
05

7
R

EI
 e

xp
er

ie
nt

ia
lit

y 
sc

or
e

-0
.0

19
0.

08
2

-0
.2

35
0.

81
5

Fa
ith

 in
 G

en
er

al
 T

ec
hn

ol
og

y 
sc

or
e

0.
34

5
0.

08
3

4.
17

7
0.

00
0

Tr
us

tin
g 

St
an

ce
 sc

or
e

0.
05

3
0.

05
9

0.
90

6
0.

36
7

G
en

de
r

-0
.0

51
0.

11
6

-0
.4

42
0.

65
9

A
ge

0.
00

4
0.

00
7

0.
53

1
0.

59
6

R
is

k 
pr

ef
er

en
ce

-0
.0

39
0.

03
1

-1
.2

55
0.

21
2

Pr
io

r k
no

w
le

dg
e 

in
 b

as
ic

 st
at

is
tic

s
-0

.0
13

0.
05

2
-0

.2
49

0.
80

4

Ta
bl

e 
6 

R
eg

re
ss

io
n 

an
al

ys
es

 o
n 

ad
vi

ce
 so

ur
ce

 c
re

di
bi

lit
y 

in
 th

e 
re

st
ric

te
d 

sa
m

pl
e 

(n
 =

 13
2)

 in
 e

xp
er

im
en

t 1

1 3



The effects of disclosing an algorithm’s inner workings and analytic…

Pr
io

r k
no

w
le

dg
e 

in
 A

I, 
m

ac
hi

ne
 le

ar
ni

ng
, 

al
go

rit
hm

s
-0

.0
22

0.
05

5
-0

.4
00

0.
69

0

3
(C

on
st

an
t)

1.
76

2
1.

19
9

1.
47

0
0.

14
4

In
ne

r w
or

ki
ng

s
-0

.0
74

0.
27

1
-0

.2
73

0.
78

5
Th

in
ki

ng
 st

yl
e

-0
.1

89
0.

27
3

-0
.6

92
0.

49
0

In
ne

r w
or

ki
ng

s x
 T

hi
nk

in
g 

st
yl

e
0.

08
7

0.
38

6
0.

22
7

0.
82

1
R

EI
 ra

tio
na

lit
y 

sc
or

e
0.

15
6

0.
12

6
1.

23
6

0.
21

9
R

EI
 e

xp
er

ie
nt

ia
lit

y 
sc

or
e

0.
07

5
0.

13
1

0.
56

9
0.

57
0

Fa
ith

 in
 G

en
er

al
 T

ec
hn

ol
og

y 
sc

or
e

0.
31

2
0.

13
3

2.
34

9
0.

02
0

Tr
us

tin
g 

St
an

ce
 sc

or
e

0.
20

9
0.

09
5

2.
20

6
0.

02
9

G
en

de
r

-0
.0

67
0.

18
6

-0
.3

58
0.

72
1

A
ge

0.
00

0
0.

01
1

-0
.0

43
0.

96
6

R
is

k 
pr

ef
er

en
ce

-0
.1

04
0.

05
0

-2
.0

72
0.

04
0

Pr
io

r k
no

w
le

dg
e 

in
 b

as
ic

 st
at

is
tic

s
0.

14
6

0.
08

4
1.

73
1

0.
08

6
Pr

io
r k

no
w

le
dg

e 
in

 A
I, 

m
ac

hi
ne

 le
ar

ni
ng

, 
al

go
rit

hm
s

-0
.0

36
0.

08
8

-0
.4

16
0.

67
9

D
ep

en
de

nt
 v

ar
ia

bl
es

: D
at

a 
sc

ie
nt

is
t c

om
pe

te
nc

e 
(m

od
el

 2
), 

al
go

rit
hm

 tr
us

tw
or

th
in

es
s (

m
od

el
 3

).
In

de
pe

nd
en

t v
ar

ia
bl

es
: M

an
ip

ul
at

ed
 v

ar
ia

bl
es

 a
s w

el
l a

s p
os

si
bl

e 
co

va
ria

te
s.

Ta
bl

e 
6 

(c
on

tin
ue

d)
 

1 3



A. Pinzger

4.2.3  Rational experiential inventory

As outlined in Sect. 2.3, people’s approach to make decisions differs depending on 
the thinking style currently activated. While humans are generally able to engage 
in intuitive and analytic thinking (Evans, 2003; Stanovich & West, 2008), individ-
ual characteristics are one influential factor of thinking style (Frederick, 2005). The 
following section therefore deals with the so-called REI. After participants made 
their forecast decision and answered several corresponding questions, they had to 
complete the 40-item REI according to Epstein et al. (1996) and Pacini and Epstein 
(1999). The REI measures people’s characteristics in terms of rationality (20 items) 
and experientiality (20 items) which are used as synonyms for analytic and intuitive 
thinking. These two subscales exist as it is theoretically possible that individuals are 
capable of and comfortable with both thinking styles. While the priming manipula-
tion in this study aimed at a temporarily activated focus on one of both thinking styles 
(state), the REI refers to the general tendency of the participants (trait or characteris-
tic). For people with analytic thinking tendencies, for example, priming effects might 
still enhance analytic thinking, but not as strongly as for intuitive thinkers. Therefore, 
the REI is helpful for additional analyses of thinking style-related findings.

Reflecting upon t-tests, perceived competence (m = 6.32 vs. 5.92, p = 0.002) and 
perceived trustworthiness (m = 6.10 vs. 5.75, p = 0.016) towards the data scientist are 
significantly higher for participants whose REI rationality score is higher than aver-
age compared with their counterpart. While this is generally in line with the the-
ory that more rational people tend to be less skeptical towards algorithmic decision 
aids, another finding is more surprising: Perceived competence (m = 6.00 vs. 5.72, 
p = 0.019) and perceived trustworthiness (m = 6.01 vs. 5.70, p = 0.020) towards the 
product manager are also significantly higher for participants whose REI rationality 
is higher than average compared with their counterpart.

This finding might result from the tendency of analytic thinkers to scrutinize the 
given information, i.e., advice sources, more thoroughly. Both advice sources– prod-
uct manager and data scientist – were depicted relatively similar in the experiment in 
order to avoid a different perception of ability. Thus, the analytic thinkers might have 
noticed the similarity of the advice sources and assessed both more trustworthy and 
competent in general. Note that this might be a finding that blurs the original inten-
tion to compare the standalone effect of human expert vs. algorithm – an aspect that 
will be further discussed in Sect. 5.

Beyond that, it is crucial to analyze the REI experientiality subscale as well. This 
is because the two thinking styles might be considered as overlapping systems that 
can still be addressed independently from each other (Evans, 2003; Pacini & Epstein, 
1999). Consistent with the previous considerations, there are no significant differ-
ences between perceived competence (m = 6.13 vs. 6.15, p = 0.865) and perceived 
trustworthiness (m = 5.97 vs. 5.91, p = 0.694) towards the data scientist for partici-
pants whose REI experientiality is higher than average and their counterpart. The 
same holds true for perceived competence (m = 5.88 vs. 5.87, p = 0.952) and per-
ceived trustworthiness (m = 5.92 vs. 5.82, p = 0.469) towards the product manager.

Contrarily, comparing participants with higher-than-average experientiality with 
their counterpart, it is notable that there is a significant difference regarding the weight 
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on algorithmic advice (54.72 vs. 59.96, p = 0.062). This means that more intuitively 
inclined participants clearly prefer the human advice over the algorithmic one. Inter-
estingly, this seems to be independent from perceived competence and trustworthi-
ness towards the advice source. Thus, it seems likely that convincing highly intuitive 
decision-makers is an even bigger challenge as they might make decisions regardless 
of their own credibility perceptions towards advice sources. Reflecting the theoreti-
cal assumptions in Sect. 2, highly intuitive decision-makers are more prone to biases 
and misconceptions (Milkman et al., 2009), for example due to missing familiarity 
(Simon, 1955) and therefore tend to discount algorithms considerably. Against this 
background, the findings provide more detailed insights adding to existing literature 
on the credibility of an algorithmic advice source (Chen et al., 2022) as thinking style 
characteristics have previously not been analyzed in this regard.

4.2.4  Good news vs. bad news

A further analysis is concerned with the idea, and the existing corresponding findings 
from previous research, that a downward trend (bad news) results in a lower algo-
rithm reliance (Chen et al., 2022; Fehrenbacher et al., 2023). This possibly affects 
the results in experiment 1 where the algorithmic forecast suggestion is lower than 
the human forecast. The original idea of good news vs. bad news is connected to a 
general trend that affects peoples’ decisions as they are more likely to question the 
credibility of information for a worsening situation (Ditto et al., 1998; Ditto & Lopez, 
1992). This is not directly covered by both experiments in this study since no base-
line trend is given. However, experiment 2 involves different advice directions (i.e., 
which advice source forecasts a higher / lower value). In order to evaluate if there 
are similar effects for lower algorithm-based forecast predictions as ‘bad news’ and 
higher algorithm-based forecast predictions as ‘good news’, I run a paired samples 
t-test that reveals contradictory results (see Table 7). Interestingly, the decisions in 
regions with the algorithm forecast being lower than the product manager forecast 
(‘bad news’ in regions 1 and 3) result in a significantly higher algorithm reliance than 
the ones in regions 2 and 4 (m = 58.11 vs. 52.63, p < 0.001). These results, however, 
may not be overstated since the observations are not independent from each other 
and sequence effects cannot be ruled out. Furthermore, the ‘good and bad news’ in 
this experiment come along with various absolute spans between both advices that 
may affect the results.32 Taking the actual participants’ decisions (actual weight on 
algorithm advice) into account, the idea that absolute spans and numbers matter can 
be confirmed. Comparing their means with the self-reported weights, they show a 

32  Answering the question “My decision has been influenced by other aspects”, one participant pointed 
out that their weighting decision was indeed affected by the size of the span. As one of the ‘good news’ 
forecast span is the highest in the experiment (region 4), this might be a possible explanation for the sur-
prising finding. Additionally, the other ‘good news’ forecast (region 2) has the smallest span. In this case, 
participants might argue that slight differences between both advices do not have a large impact on the 
success of the firm. This might result in participants tending more to the middle, being more algorithm-
averse than average (weight on algorithm advice: m2 = 54.06 vs. mtotal = 55.36; actual weight on algorithm 
advice: m2 = 50.06 vs. mtotal = 55.29).
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similar but slightly stronger tendency for regions 1–4 (m = 61.47 vs. 50.06 vs. 61.67 
vs. 47.97).

There might be two explanations resulting in this surprising tendency as it is pos-
sible that participants perceive an algorithmic advice differently from the human 
advice depending on their risk preferences (e.g., Germann & Merkle, 2023). First, in 
case an algorithm assumes a considerably higher forecast than a human (‘good news’ 
as present in region 4), participants might be alarmed more severely and fall back to 
their intuitive judgment, preferring the more familiar human prediction. From the 
participants’ view, the high deviation between human and algorithm forecast might 
even be perceived as ‘bad news’, indicating that one or both forecasts are flawed. 
Second, following a very similar idea, participants might have a general preference 
towards the lower prediction. One risk-averse participant actually reported that their 
decision was entirely based on the lowest advice in each region. In line with this, the 
participants’ decisions for three of the four regions were below the respective average 
forecast (m1 = 57,005.56 vs. 60,000, m2 = 30,005.56 vs. 30,000, m3 = 40,366.67 vs. 
42,000, m4 = 77,472.22 vs. 78,000), automatically discounting the algorithmic fore-
cast more strongly in the ‘good news’ conditions.

Taken together, ‘good news’ and ‘bad news’ in different shapes (as in Chen et al. 
(2022) and as in this study) seem to be an important driver of algorithm reliance. In 
this experimental setting, the absolute span between different forecast values matters 
as well as the risk to overstate the final forecast, regardless of the advice source. It is 
crucial to consider that such differences are likely to affect the ultimate reliance on 
algorithms in real decision-making situations.

Table 7  Analyses of ‘good news’ and ‘bad news’ (paired samples t-test) in experiment 2
Mean N Std. 

Deviation
Std. Error 
Mean

‘Good 
news’

52.62 90 18.997 2.002

‘Bad 
news’

58.11 90 18.774 1.979

Paired Differences t df Significance
Mean Std. 

Deviation
Std. 
Error 
Mean

95% Confidence 
Interval of the 
Difference

One-
Sided 
p

Two-
Sid-
ed p

Lower Upper
‘Good 
news’ 
& ’Bad 
news’

-5.48 16.607 1,750 -8.961 -2,005 -3.132 89 0.001 0.002

Dependent variable: Weight on algorithmic advice – Participants had to adjust two sliders (weight on 
product manager forecast / weight on data scientist forecast) so that they add up to 100%.
‘Good news’ and ‘bad news’ in experiment 2 are defined in the way that the algorithmic prediction is 
either higher (‘good news’) or lower (‘bad news’) than the human advice. The paired samples t-test 
reveals a significant positive effect (t = -3.132, p = 0.002) of ‘bad news’ vs. ‘good news’ on the weight 
on algorithmic advice.
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5  Discussion

The experiments in this paper yield several results that need to be discussed in order 
to broaden our understanding of algorithm reliance. In particular, the more detailed 
approach in experiment 2 suggests that the disclosure of different levels of informa-
tion about the algorithm significantly influences reliance on an algorithmic advice. 
Specifically, participants show an increased algorithm reliance when detailed infor-
mation about the algorithm’s inner workings is provided, compared to when less 
information is disclosed. Additionally, analyses indicate that giving relevant informa-
tion per se is more important than disclosing a very detailed level of information, as 
algorithm reliance increases with information load only up to a certain limit, imply-
ing a concave relation between information load and algorithm reliance.

Contrary to my initial predictions, an interaction effect between disclosing an 
algorithm’s inner workings and thinking style cannot be identified. However, addi-
tional analyses reveal more detailed findings: First, Sect. 4.2.1 indicates that while 
priming analytic thinking has no significant effect on algorithm reliance, analytic 
thinking combined with disclosing an algorithm’s inner workings increases algo-
rithm reliance. Second, it may be argued that disclosing an algorithm’s inner work-
ings is connected to make an algorithm more credible (Chen et al., 2022; Önkal et 
al., 2009). However, results in Sect. 4.2.2 show that the credibility of a data scientist 
and an algorithm and even more the use of algorithms are complex functions that are 
driven by individual characteristics. While the propensity to engage in analytic think-
ing and other factors like trust in technology are positively related to advice source 
credibility, the perceived competence of the algorithm developer as well as the per-
ceived trustworthiness of the algorithm itself have an increasing effect on algorithm 
reliance. There are slight indications of an underlying moderated mediation effect 
between disclosing an algorithm’s inner workings (independent variable), perceived 
competence of the advice source (mediator), thinking style (moderator between inde-
pendent variable and mediator) and algorithm reliance (dependent variable), but the 
overall effect is not significant. Thus, to understand and ultimately mitigate biases in 
terms of algorithm reliance, it is important to consider several details of the setting, 
including decision-makers traits and the perceived type of the advice source. Fur-
thermore, Sect. 4.2.3 elucidates the importance of individual characteristics in terms 
of thinking styles. It might be presumed that the effect of advice source credibility is 
rather weak for highly intuitive thinkers, resulting in a poor algorithm reliance and an 
even more complex task to mitigate this.

In interpreting the findings, a number of limitations should be kept in mind. A 
potential confounding effect of experiment 1 is that participants might have perceived 
the advice sources to be optimistic vs. conservative, additionally to human vs. algo-
rithmic. The second experiment accounts for these potential framing effects by vary-
ing advice direction, gathering more observations per subject. Exploring the impact 
of different numerical scenarios on algorithm reliance, experiment 2 reveals effects 
influenced by participants’ risk preferences and perceptions of forecast accuracy. The 
findings emphasize the importance of considering both the level of information dis-
closure and contextual factors, such as the actual forecast results, in understanding 
algorithm reliance for decision-making contexts.
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One possible explanation for the lack of strong effect in experiment 1 is the way 
the experimental design framed the decision context. It is important to consider the 
participants’ perception of what an algorithm actually is (Logg et al., 2019). While 
the ‘inner workings’ manipulation accounts for this, both the data scientist and prod-
uct manager were presented as human advisors. This may have led some participants 
to interpret the algorithmic advice as human-augmented rather than purely algorith-
mic. As a result, the decision frame might have shifted towards choosing between 
two human experts with different forecasting approaches rather than evaluating algo-
rithmic versus human advice. This interpretation aligns with prior research showing 
that the perceived role of human involvement in algorithmic decision-making can 
significantly shape trust and reliance: A human-in-the-loop decision-making might 
bias trust in the algorithmic advice source positively (Burton et al., 2020; Dietvorst 
et al., 2018), contributing to an overly balanced weighting tendency in experiment 
1. An analysis of weighting tendencies shows that the predominant weighting choice 
among participants was the 50:50 ratio: 107 out of 196 participants in the main sam-
ple and 73 out of 132 participants in the restricted sample selected this option. Only 
four participants chose to entirely rely on the algorithm, and no participant selected a 
weight below 20%. These results indicate a limited level of variance in the data, mak-
ing it more challenging to derive significant conclusions. Even though experiment 2 
did not change this general approach. the more diverse decision situation helped to 
mitigate this issue as the 50:50 weight was only used in approximately 37% of all 
decisions, resulting in statistically significant results.33

In terms of methodical choices, the potential priming effects in the experiment 
require further attention. While priming was employed to manipulate participants’ 
perceptions, it might not have been strong enough to override the influence of 
individual characteristics on their decisions. As indicated in Sect. 4.2.3, individual 
characteristics have a significant effect on participants’ perceived competence and 
trustworthiness of the advice source. Furthermore, due to the nature of the experi-
mental design, it is not possible to entirely verify the effectiveness of the priming 
manipulation. The psychology literature acknowledges that priming effects can vary, 
sometimes aligning with expectations and sometimes deviating, irrespective of the 
underlying theory (Bargh & Chartrand, 2014).

The participants should also be considered. The sample in experiment 1 included a 
rather high share of students (~ 40%), a group that generally exhibits higher levels of 
algorithm reliance (Alexander et al., 2018; Önkal et al., 2009). This characteristic of 
the sample might have influenced the overall results. However, it is worth noting that 
age and gender do not show significant effects on the weight on algorithmic advice or 
on perceived competence and trustworthiness measures. Therefore, it can be assumed 
that result biases stemming from participant demographics might not exist.

33  Interesting in this regard is a different behavior for regions where the midpoint of algorithm and human 
judgment is more obvious (e.g., 50,000 vs. 70,000) compared to regions where a certain effort is needed 
to actually determine the midpoint (e.g., 65,000 vs. 91,000). Regions 1 and 2 with a more obvious mid-
point result much more often in the 50:50 ratio (~ 47%) than regions 3 and 4 with a less obvious midpoint 
(~ 27%). This is particularly surprising as I refer to the self-reported weights participants assigned to the 
advice sources, not to the absolute decisions they made.
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Concerning the use of the Prolific platform for participant recruitment, it is impor-
tant to consider that online experiments present challenges in identifying and control-
ling various factors, such as participants taking breaks or engaging in other activities 
that could influence their decision-making process. This issue appears particularly 
crucial in the context of priming experiments, in which maintaining strict control 
over participants’ attention and focus is crucial for reliable results. Yet, by excluding 
potentially inattentive participants based on attention checks, performing robustness 
checks and excluding time-wise outliers in the restricted sample of experiment 1, I 
try to mitigate this issue. The second experiment shows not only much better atten-
tion check results but also a way smaller standard deviation of completion times 
(m = 10.26 vs. 15.74, sd = 4.26 vs. 7.63), although the experimental treatments dif-
fered more strongly in terms of text length. Additionally, in experiment 2, no par-
ticipant reported interruptions or technical issues so that there are no indications to 
distrust the results.34

6  Conclusion

The objective of this study was to analyze mechanisms that could promote algorithm 
reliance in a forecasting context. My findings suggest that disclosing an algorithm’s 
inner workings– aiming to open the often-perceived black box– increases algorithm 
reliance in a non-linear way, but it is crucial to consider an individual’s thinking style 
as well as other characteristics, uncovering a highly complex decision situation to be 
aware of. Furthermore, decisions differ depending on the specific prognoses, as for 
example the absolute span between advice sources and the direction of the difference.

This study contributes to the literature, as it is one of the first to examine specific 
mechanisms to increase algorithm reliance in a management accounting context. By 
integrating insights from cognitive psychology, i.e., thinking style, elaborating on 
advice source credibility and explicitly analyzing the impact of disclosing specific 
kind of information regarding algorithms (inner workings), empirical evidence to 
enhance the use of algorithmic decision aids is presented. In particular, the findings 
suggest that providing relevant information is crucial, while additional information 
above a certain threshold does not increase algorithm reliance significantly. In addi-
tion, this study extends findings from Chen et al. (2022) who show that the perceived 
competence of the advice source is a driver of algorithm reliance. I find that think-
ing style characteristics affects people’s reaction to credibility and that perceived 
trustworthiness of an algorithmic advice source is more important than assumed. 
Furthermore, this study emphasizes the role of AI in accelerating decision-making 
processes and shows that disclosing information about an algorithm’s inner work-
ings can enhance the use of algorithms. In this sense, providing a sufficient amount 
of relevant information seems more promising than overwhelming decision-makers 
with redundant information. From a management accounting perspective, these find-

34  One participant mentioned a brief interruption due to network problems which was quickly resolved. 
As participants had no incentives to lie in this question and extensive completion times were rare (two 
participants took longer than 20 min), the data can be considered valid.
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ings are relevant to gain more knowledge about the decision-making process involv-
ing algorithmic decision aids (Tank & Farrell, 2022). Results show that enabling a 
successful integration of data analytics requires considerations relating to the whole 
context, including given information and people’s characteristics. Analyzing think-
ing style, this study provides insights to complement ideas of Glikson and Woolley 
(2020) who consider cognitive and emotional trust in data analytics to be crucial. 
Eventually, decision-makers’ thinking style characteristics are shown to be relevant 
for credibility perceptions that drive the use of data analytics.

The practical implications emerging from this study refer to the design of decision-
making environments that aim to mitigate biases. Particularly, by sharing specific 
information about the algorithm, decision-makers can be encouraged to overcome 
biases and embrace data-driven decision modes. What seems essential is to take 
decision-makers characteristics into consideration and trying to align the human 
and the algorithm way of thinking. As outlined in Sect. 5, emphasizing the human 
(expert) involvement in the modelling process of an algorithm might also enhance 
trust towards data analytics.

Future research may focus on a more in-depth understanding of the effectiveness 
of disclosing an algorithm’s inner workings to comprehend how various types of 
information and presentation formats impact algorithm reliance. Researchers should 
focus on exploring the disclosure of different forms of information and alternative 
presentation methods, for example, as shown by Perkhofer et al. (2020) in a big data 
setting, to gain a deeper understanding of how the presentation of information affects 
algorithm reliance. In this regard, the limitations outlined in the previous discussion 
should be addressed, especially by identifying (experimental) settings where indi-
vidual decisions are more diverse. In general, further elaboration of the complexity 
of decision situations involving algorithmic decision aids should be addressed more 
thoroughly by future studies, especially regarding various nuances of advice sources 
and advice output itself. As various technologies continue to play an increasingly 
important role in decision-making, investigating algorithm reliance is crucial to har-
ness the benefits of data-driven decision-making across diverse domains.
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