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Chapter I – Introduction 

Chapter I 

Introduction 

“[Political economy] does not treat the whole of man’s nature as modified by the social state, nor 

of the whole conduct of man in society. It is concerned with him solely as a being who desires to 

possess wealth, and who is capable of judging the comparative efficacy of means for obtaining 

that end. (…) Just in the same manner does Political Economy presuppose an arbitrary definition 

of man, as a being who inevitably does that by which he may obtain the greatest amount of 

necessaries, conveniences, and luxuries, with the smallest quantity of labour and physical self-

denial with which they can be obtained.” (Mill, 1836) 

The neoclassical economic theory remains very influential to this day (Daxhammer & Facsar, 

2017). It builds on approaches from classical economics (e.g., Smith, 1776) and attempts to 

explain the economic reality with the help of models. One of these models is the Homo 

Oeconomicus model. It states that economic subjects always pursue the goal of maximizing their 

pecuniary benefits in all of their actions. Likewise, it is also assumed that they process all relevant 

information at all times and proceed in a strictly rational manner (Söllner, 2021). 

Based on the Homo Oeconomicus model, many prominent concepts were developed, such as the 

neoclassical market model. It states that markets always tend towards equilibrium over the long 

term. If all consumers in a market behave like Homo Oeconomicus, and a seller asks a price higher 

than the equilibrium price, a fully informed consumer would no longer buy from this seller, which 

would force the seller out of the market (Samuelson, 1941). 

In their entirety, these models are of great importance for research and teaching in economics. 

Many theories that up until today continue to influence political decisions regarding, for example, 

fiscal policy or the labor market are based on the ideas of the neoclassical line of thought (e.g., 

Corden & Findlay, 1975; Friedman, 1948; Schumpeter, 1942; Hicks, 1939). 

However, the assumptions of neoclassicism are increasingly being called into question, since they 

are often in sharp discrepancy with observations from practice. This is mainly due to the fact that 

the model is based on a number of prerequisites which are not fulfilled in practice, not least due 

to physical limitations of the actors involved. For a functioning equilibrium price, for example, 

information about all available choices and their consequences would have to be freely available 

to all actors at all times (Walker, 1993), who then optimally process them in fractions of a second 

(Ötsch, 2019), and immediately translate them into actions without adjustment processes (Bridel, 

1997).  

Moreover, it is argued that important economic events that are not directly reflected in the 

market are not adequately accounted for in neoclassical models. These include, but are not 

limited to, unpaid labor (Ötsch, 2019, p. 206), firm characteristics (Ötsch, 2019, p. 309), 

negotiations and other interactions outside the market (Ötsch, 2019, p. 311), or technological 

progress (Ötsch, 2019, p. 324).  
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Neoclassicism also seems to disregard many important factors influencing economic reality at the 

level of individuals. For example, it is criticized that social aspects and demographic characteristics 

do not find a place in the neoclassical model, although they play an important role in practice 

(Wolfson, 1994). Furthermore, it is criticized that the preferences of the actors are described as 

mutually independent and unchanged in the long run as well as free of goal conflicts, spontaneity, 

and social influences (Albert, 2009; Fullbrook, 2004).  

In neoclassical theory, the price is the sole determinant of who we do business with. In practice, 

however, trust in the business partner also seems to play a crucial role (Haas & Deseran, 1981). 

In the model, the parties involved do nothing but react to price changes. Strategies, risks, and 

proactive decisions do not exist in the neoclassical model (Kay, 1984). Likewise, it is assumed that 

people always act transparently and honestly far from strategic behavior, which is also not to be 

observed in practice (Gerschlager, 2001). 

Last but not least, it is criticized that the model is nowadays misappropriated by laymen and, for 

example, also used in the case of imperfect competition (Ötsch, 2019). Although market 

structures in the neoclassical sense are de facto man-made and actively implemented by 

institutions, they are often described as the natural and inherently human response to almost all 

economic problems (Williams, 1999). In particular, scholars criticize that the neoclassical school 

of thought is applied to macroeconomic phenomena such as economic crises or voluntary 

unemployment which cannot be explained adequately using the model without modifications 

(Lo, 2005; Franz, 2004).  

This has led to the emergence of numerous amendments that attempt to reconcile neoclassical 

theory with recent empirical evidence (e.g., Burdett & Judd, 1983). Other scholars argue that 

entirely new theories are needed in order to understand economic reality, such as behavioral 

economics. Behavioral economics is about interpreting economic events against the background 

of psychological peculiarities, such as the influence of cognitive barriers or social behavior on the 

decisions of the actors (Mullainathan & Thaler, 2000). Thus, this dissertation contributes to the 

controversial debate whether the neoclassical model is still tenable with adjustments or should 

be replaced by more sophisticated approaches. To this end, three specific fields of research are 

used to examine the extent to which the neoclassical model is appropriate for their further 

exploration. 

A young field of research that shows deviations from the self-interest, full information, and 

rationality assumptions of the neoclassical Homo Oeconomicus model is algorithm aversion. This 

research area aims to expand our understanding of how humans interact with novel innovations 

that solve complex problems through structured mathematical processes, so-called algorithms. 

Önkal et al. (2009) found in an experimental study that the same recommendations that can help 

subjects maximize their utility are followed to a lesser extent when subjects are led to believe 

that they are coming from an algorithm and not from a knowledgeable human. Even though the 

concept of algorithm aversion was not yet established at the time, this finding was subsequently 

often interpreted as evidence of algorithm aversion (De Baets & Harvey, 2020; Longoni, Bonezzi 

& Morewedge, 2019; Prahl & van Swol, 2017). 
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Six years later, Dietvorst, Simmons & Massey (2015) found that errors made by an algorithm lead 

to a greater loss of trust than errors made by a human being (as has also been shown in, for 

example, Renier, Schmid Mast & Bekbergenova, 2021; Berger et al., 2021; Prahl & Van Swol, 

2017). In an economic experiment, participants could delegate a forecasting task to either an 

algorithm or a human. Subjects who were able to observe the algorithm making mistakes in 

preliminary rounds were much more reluctant to tie their incentives to the algorithm, even when 

they saw that the algorithm clearly outperformed the human. To describe this phenomenon, the 

term “algorithm aversion” was coined in its original form. 

Further studies have shown that even before observing an algorithm perform, many subjects 

prefer inferior human judgement over a superior algorithm. Even when there is clear evidence 

that without the use of an algorithm, subjects achieve poorer results in the long run, have to bear 

higher costs, or enjoy less convenience, many of them consciously forego the use of algorithms 

(Mahmud et al., 2022; Kawaguchi, 2021; Burton, Stein & Jensen, 2020). 

A decision against an algorithm that is known to outperform all alternatives can be in 

contradiction to the assumptions of full information and rationality of the Homo Oeconomicus 

model. It reduces the expected utility of the decision maker and can consequently be viewed as 

a behavioral anomaly. To broaden our understanding of this interesting finding, the first five 

studies in this dissertation (Chapters 2 to 6) deal with the phenomenon of algorithm aversion 

along with its causes and consequences. 

Algorithm aversion is by no means the only research field in which the behavior of the actors 

contradicts the Homo Oeconomicus model. The field of forecasting also makes an interesting 

contribution to the debate about the usefulness of the neoclassical model in this regard. More 

than eighty years ago, Ogburn (1934) established that human forecasters tend to systematically 

underestimate the variability of reality. Even forecasts drawn up by experts are regularly based 

too closely on the status quo and their accuracy rarely exceeds that of a naïve forecast, that is, 

predicting that everything will remain as it is (Kunze et al., 2017; Beechey & Österholm, 2014; 

Tabak & Feitosa, 2008). Furthermore, it has been shown that forecasts are often biased, i.e., have 

systematic errors (Baghestani & Marchon, 2012; Fraser & McDonald, 1993; Lakonishok, 1980). 

Nevertheless, important economic policy decisions are made on the basis of these inadequately 

created forecasts. 

A fully informed Homo Oeconomicus should be able to notice the discrepancy between the own 

expectations and reality and should correct the behavior in the subsequent forecasts. However, 

in reality, even professional forecasters tend to make flawed prognoses over long periods of time. 

In a further part of this dissertation, biases in human forecasting behavior are therefore examined 

using the example of interest rate and stock market forecasts in various different markets across 

the globe (Chapter 7 and 8). 

The third and final research area covered in this dissertation is the empirical study of price 

dispersion (Chapter 9). Empirical evidence suggests that the assumption that markets tend 

towards equilibrium is also broken in practice. In real markets, large persistent price dispersions 

can be observed frequently even for entirely homogenous goods (Baye, Morgan & Scholten, 
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2004; Brown & Goolsbee, 2002; Pratt, Wise & Zeckhauser, 1979). The eighth study of this 

dissertation therefore contributes to the debate on the role of the neoclassical market model. 

Taken as a whole, the results of this dissertation point in a clear direction. The behavior of subjects 

in economic decision making, forecasting, and markets, is usually at odds with what the models 

of neoclassical school of thought suggest. Neither a Homo Oeconomicus nor a neoclassical market 

can be observed in practice. Today's widespread use of the neoclassical model for important 

economic policy decisions should therefore be reconsidered, as it may lead to suboptimal 

conclusions and decisions. Modern approaches, such as behavioral economics, often seem to be 

much better suited to explaining economic reality. 

First contribution: Reducing Algorithm Aversion through Experience1 

Previous studies suggest that algorithm aversion could be partly due to decision-makers 

overestimating their own forecasting abilities (overconfidence bias). By overestimating their own 

abilities, they underestimate the potential of delegating a task to a specialized algorithm rather 

than performing it themselves. Therein lies an opportunity. In other contexts, it has been shown 

that overconfidence can be reduced as soon as subjects can recognize that their prognoses fall 

short of their own expectations. With this experimental study, it is therefore examined whether 

algorithm aversion can be reduced through learning effects that lead to a better understanding 

of one's own forecasting competence. 

The subjects are asked to make a forecast whether a share price will rise or fall in each of 40 

rounds of the game. They receive a lot of information related to the task. They get an insight into 

the share price formation mechanism and the share price history, as well as information about 

four fundamental influencing factors on the share price. In each round, the subjects can decide 

whether they want to make their own forecasts or delegate the decision to an algorithm that has 

a success rate of 70%. Regardless of this decision, every correct prediction is rewarded, whether 

it comes from the algorithm or from the participants themselves. The learning effects are made 

possible by leaving the task unchanged for 40 game rounds and subjects receiving feedback on 

their own performance as well as on the performance of the algorithm after each round. 

Although subjects cannot exceed the algorithm's probability of success even with optimal use of 

all available information, they delegate the forecasting task to the algorithm in only 45.87% of 

the game rounds. They show a strong rejection attitude towards the algorithm. In this study, 

human behavior is clearly not in line with the Homo Oeconomicus model. 

However, as the length of the game increases, the subjects rely more frequently on the algorithm. 

While in the first five rounds of forecasting, only 25.17% of the decisions are in favor of using the 

algorithm, in the last five rounds it is 51.05%. The proportion of decisions in favor of the algorithm 

1 The following summaries are intended to provide a brief descriptive presentation of the research 
questions, research designs, and key findings. For this reason, extensive presentations of the linked 
literature are omitted here. The detailed references can be found in the full texts of the individual studies 
in the respective chapters of this thesis. 
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increases, especially in the course of the first 20 rounds. Learning to use an algorithm seems to 

show the characteristics of a degressive learning curve with a flattening course. 

The results show that learning effects are suitable for reducing algorithm aversion. Particularly at 

the beginning, individuals seem ready to be convinced of the advantages of the algorithm. After 

a few interactions, however, most of them have developed clear preferences and hardly move 

away from them. The potential to reduce algorithm aversion through learning effects is therefore 

limited. 

Second contribution: The Tragedy of Algorithm Aversion 

The overarching goal of the experimental study “The Tragedy of Algorithm Aversion” is to 

examine the extent of algorithm aversion in decision-making situations with consequences of 

varying severity. In addition, an overview of definitions of the term algorithm aversion is 

developed and seven essential differences in understanding the term are revealed. It is argued 

that from the perspective of behavioral economics, one can only speak of algorithm aversion in 

the sense of a behavioral anomaly when an algorithm is the superior option for carrying out an 

activity, the decision-makers are aware of this fact, and they nevertheless decide against using 

the algorithm. 

To answer the research question, an economic experiment with a between-subjects design is 

carried out. The subjects are each presented with one of six decision-making situations (e.g., the 

selection of cooking recipes for the users of an app). They first state how serious they consider 

the consequences of this decision-making situation for the end customer. Then they decide 

whether to delegate the task to an algorithm or to a human specialist. In each of the six scenarios, 

the probabilities of success are identical. It is announced that the algorithm has a 70% success 

rate, while the human expert has a 60% success rate. The prerequisites are therefore matched to 

the recommended definition of algorithm aversion. The subjects are informed that they will only 

receive a bonus payment if the task is successfully completed. 

The results are astonishingly clear. Overall, 39.16% of the subjects decide against using the 

algorithm despite its superiority and despite the higher expected value of their remuneration, 

meaning that they don't act like Homo Oeconomicus at all. On the contrary: due to the heuristics 

of algorithm aversion, in almost two-fifths of all cases the easily recognizable rational strategy is 

not chosen. It turns out that emphasizing the statistical superiority of an algorithm is not enough 

to dispel reservations. 

The framing of the decision-making situations also has an impact on the extent of the algorithm 

aversion. While 29.17% of the subjects decide against the algorithm in situations with less serious 

consequences, it is even 49.30% in situations with serious consequences. Consequently, the 

aversion to algorithms that leads to deviating from the rational strategy is particularly 

pronounced in situations with serious consequences. This is remarkable because it is precisely in 

these situations that failure to follow a rational strategy can cause the greatest damage. 
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Third contribution: Comparing Different Kinds of Influence on an Algorithm in Its Forecasting 

Process and Their Impact on Algorithm Aversion 

Failure to use superior algorithms can be strongly related to a human desire for control. Previous 

research has shown that willingness to use an algorithm can increase significantly when decision 

makers know they can later adjust the forecasts produced by an algorithm upward or downward. 

However, this always harbors the risk that the overall forecast quality will decline as a result of 

the subsequent adjustments. In this study, it is therefore examined whether the reduction in 

algorithm aversion can also be achieved by giving subjects another opportunity to influence the 

prognosis process, that is before making the prognoses. 

To answer the research question, three treatments are designed in the context of a share price 

forecast. In the first treatment, the subjects have no way of influencing anything at all (control 

group). In the second treatment, as in previous studies, subjects are allowed to adjust the 

predictions of the algorithm by a few points afterwards. In the third treatment, they have the 

opportunity to change an input variable that the algorithm uses to create its forecasts. In all three 

treatments, subjects have to decide once at the beginning whether they would like to carry out 

the forecasting task by themselves or whether the algorithm should carry out the task for them 

throughout the entire experiment. Performance-based remuneration serves as an incentive for 

the subjects. 

The results confirm that the possibility of influencing the algorithmic output is suitable for 

significantly reducing algorithm aversion. Without the possibility of influencing, only 44.23% of 

the subjects decide to use the algorithm. With the option to adjust the forecasts afterwards, it is 

already 69.23%. The ability to influence the input of the algorithm results in 58.49% of the 

participants opting for the algorithm. The approach is therefore not suitable for reducing 

algorithm aversion to the same extent as the possibility of influencing the output. 

The study expands our understanding of the effects of influencing an algorithm. Giving decision-

makers the final say in dealing with an algorithm proves to be a particularly effective way of 

reducing algorithm aversion. Influencing the algorithm at an earlier stage is also effective, but 

does not increase the willingness to use it to the same extent. 

Fourth contribution: Impact of the Decoy Effect on Algorithm Aversion 

Algorithm aversion is a major barrier to establishing powerful innovation based on automated 

decision-making. Robo-advisors are a case in point. A robo-advisor manages a client's assets by 

trying to invest them in a way that generates high returns with low risk. Numerous studies have 

shown that robo-advisors can outperform humans in this endeavor. Nevertheless, many users 

find it difficult to entrust their assets to an algorithm instead of a human being due to algorithm 

aversion. Thus, finding ways to reduce algorithm aversion is an important task. This study 

examines whether the decoy effect is suitable for reducing algorithm aversion and thus 

facilitating the introduction of innovations. 
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The decoy effect exploits a heuristic in human behavior. A decision between two alternatives that 

are superior to each other in different dimensions is influenced by adding a third alternative. The 

trick is that this third option (the so-called decoy) is very similar to and clearly inferior to one 

option (the target), but not similar to the other option (the competitor). It has been shown that 

adding a decoy to a choice set increases the probability that the target will be chosen instead of 

the competitor. 

In this experimental study, an investment game with two treatments is played in the context of 

robo-advisors. The first treatment serves as a control group. Here, subjects have to decide 

whether to entrust their assets to Robo-Advisor A (target) or to manage them themselves 

(competitor). In the second treatment, they can also choose Robo-Advisor B (decoy) in addition 

to the independent asset management and Robo-Advisor A. The decoy is designed exactly like 

the target. The only exception is that it has a lower success rate in order to create a decoy effect. 

The game lasts ten rounds. In each new round, subjects make a new decision between the two 

(control group) or three (decoy treatment) possible choices. 

First, it turns out that the investment decision in the focus of this study is also massively affected 

by algorithm aversion. In 56.19% of the cases, subjects decide against the robo-advisors, although 

their use would lead to a significantly higher remuneration. However, there is hardly any 

difference in the extent of algorithm aversion between the two treatments. When a second, less 

powerful robo-advisor is offered as a decoy to influence decision behavior, this only increases the 

proportion of the target robo-advisor from 42.25% to 42.63%. Likewise, the behavior after 

observing errors of an algorithm or a subject itself is not influenced significantly by the presence 

of a decoy. The decoy effect is not conducive to reducing Algorithm Aversion.  

Fifth contribution: Algorithm Aversion as an Obstacle in the Establishment of Robo Advisors 

In the previous study (Chapter 5), it is shown that algorithm aversion can be a major obstacle for 

robo-advisor providers. Subjects decide against an algorithm, even though it has advantages in 

completing a task and, consequently, a higher probability of achieving good results. Subjects 

knowingly choose to face the consequences of their risky decision not to use the robo-advisor. 

This study raises the question of whether the results are different if it is not the users themselves 

but third parties who have to bear the consequences of a decision. Ultimately, this carries the risk 

that the person directly affected by the decision will subsequently demand justification. This 

problem could, in theory, easily be circumvented by shifting the responsibility to an algorithm.  

In this study, subjects make decisions between different stock portfolios. Their goal is to increase 

the risk-adjusted return of their portfolios. They can put together stock portfolios themselves or 

have them put together by a robo-advisor. There are two treatments. In the first treatment, the 

remuneration achieved is paid directly to the subject who selected the respective portfolio. In the 

second treatment, the remuneration is paid to another participant. Here, the subjects make 

decisions on behalf of others. 

Once again, algorithm aversion can be observed in such a way that in the majority of cases 

(59.69%) the subjects choose to compile the portfolios themselves, although this reduces the 
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average remuneration significantly. It can be clearly seen that the subjects in the second 

treatment are more successful in making good decisions. If their decisions affect the 

remuneration of third parties, the subjects who do not delegate the task to the robo-advisor are 

significantly more likely to select the optimal portfolio (41.45% instead of 30.16%). 

Surprisingly, the extent of algorithm aversion remains almost unaffected. When the decision is 

made on behalf of others, the robo-advisor is used 39.69% of the time (instead of 40.94%) to 

maximize the expected value of the reward. The subjects would not have had to bother or take 

any risks if they had delegated the decision to the algorithm, which is specialized in compiling 

stock portfolios. However, algorithm aversion appears to be so persistent that they decide against 

this path. The results suggest that algorithm aversion is just as persistent when we make decisions 

for those around us. 

The first five studies in this dissertation underscore how persistent algorithm aversion is and the 

wide variety of tasks it affects. This dissertation has uncovered that algorithm aversion comes 

into play especially when a decision has serious consequences. It also shows that algorithm 

aversion is extremely difficult to overcome. Of the approaches investigated, only learning effects 

(Chapter 2) and subsequent influence on predictions (Chapter 4) have a statistically significant 

effect. To expand our understanding of novel and increasingly relevant decisions between 

humans and algorithms, Homo Oeconomicus does not seem to be a helpful model. 

Sixth contribution: Interest Rate Forecasts in Latin America 

The business model of many financial institutions is based on maturity transformation. The term 

refers to the balancing of diverging intended maturities of debtors and creditors while making a 

profit from charging different interest rates. If maturity transformation is carried out based on 

false expectations about the development of future interest rates, this can threaten the solvency 

of a financial institution. Reliable interest rate forecasts are thus essential for this business model 

to work.   

The accuracy of professional interest rate forecasts by market analysts has already been studied 

in detail, especially for forecasts regarding for the United States, but also for Asia and Europe. 

Interest rate forecasts in Latin America, on the other hand, were rarely the focus.  

This study closes the research gap by examining 28,451 forecasts for the money markets in 

Argentina, Brazil, Chile, Mexico, and Venezuela. The forecasts were drawn up by professional 

analysts and were published between 2001 and 2019 in the journal Latin American Consensus 

Forecasts. The forecasts were presented monthly and have a horizon of 4 and 13 months. In order 

to get a clear picture of the forecast quality on the Latin American money markets, a variety of 

established statistical methods is applied to the data, i.e., the Diebold-Mariano test, the sign 

accuracy test, the TOTA coefficient, and the unbiasedness test. 

A majority of the forecasts perform well in comparison to the naïve forecast and also in the sign 

accuracy test. This suggests that the forecasts do indeed capture valuable information and that 

taking the forecasts into account could lead to successes in maturity transformation. On the other 
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hand, however, most forecasts are biased and subject to the phenomenon of topically oriented 

trend adjustment. They are therefore geared too closely to current trends. 

Another insight is that the forecast quality varies strongly between markets. While in line with 

most previous studies on other regions, forecasts for Argentina and Venezuela show poor quality, 

the forecasts for Brazil, Chile and Mexico are significantly better than those for most other 

countries considered by researchers so far. 

Seventh contribution: Sticky Stock Market Analysts 

The accuracy of capital market forecasts has long been the subject of scientific research. If it is 

possible to make accurate forecasts about future developments, an excess return can be achieved 

on the market based on these forecasts. Actors could then maximize their income by investing in 

the stocks that will rise in value and selling the stocks that will fall in value. However, previous 

studies have shown that the quality of capital market forecasts is usually not sufficient to enable 

a promising active investment strategy. 

In this study, the accuracy of forecasts for the German Stock Market Index (DAX), the Dow Jones 

Industrial Index (DJI), and the Euro Stoxx 50 (SX5E) are analyzed. The forecasts were drawn up by 

professional analysts and were published in the German business newspaper “Handelsblatt” and 

the quality broadsheet “Frankfurter Allgemeine Zeitung” between 1992 and 2020. They were 

made at the end of the previous year and have a horizon of six months and one year. 

All three stock market indices display a rising trend in the long run. However, there are also phases 

in all three indices in which the course falls. It is well known that forecasters like to present 

conservative prognoses that are based on the long-term trend and only include small changes. It 

is examined whether falling prices are predicted with sufficient frequency and whether the 

magnitude of the predicted changes (in terms of standard deviation) approximates the magnitude 

of the actual changes. In addition, in the form of the prediction-realization diagram, unbiasedness 

test, and Diebold-Mariano test, established statistical methods are applied. 

It turns out that the forecast quality for all three indices is low. The forecasts are highly biased 

and lag behind actual events in the indices. Moreover, the forecasts for the Euro Stoxx 50 are 

even significantly worse than the corresponding naïve forecasts. This means that by assuming 

that everything stays the way it is, you would obtain better results than by following the forecasts. 

For all three indices, the forecast behavior shows flaws that were scientifically described as early 

as the 1930s, namely that the variability of reality is systematically underestimated. 

Overall, the results from Chapters 7 and 8 suggest that the forecasters’ behavior does not fit the 

Homo Oeconomicus model. Admittedly, not even a Homo Oeconomicus can look into the future 

and predict price developments with certainty. Nonetheless, if trends are systematically 

overestimated or underestimated over decades or forecasts are too strongly anchored to the 

status quo, a Homo Oeconomicus should recognize this and adjust the forecasting behavior. 

However, this seems to succeed only in very few exceptional cases.  
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Eighth contribution: Unicorn, Yeti, Nessie, and Neoclassical Market – Legends and Empirical 

Evidence 

The final contribution of this dissertation (Chapter 9) focuses on another key element of the 

neoclassical school of thought: its market model. This study examines the extent to which the 

theory of the neoclassical market model is valid in practice.  

At the heart of the neoclassical market model are three concepts: the aggregate supply function, 

the aggregate demand function, and the equilibrium price at their intersection. While the former 

two are not observable in practice, empirical research can provide a good picture of the third 

concept, the equilibrium price. To this end, we evaluate price comparisons that eleven teams of 

students in Lower Saxony conducted as part of lectures and theses. The students noted prices 

that different retailers in stationary trade and online trade set for one and the same 

homogeneous product. The prices were always recorded at the same time and in the same 

economic area to enable meaningful analysis. The resulting database includes 146 price 

comparisons for homogeneous products composed of a total of 2,217 prices. 

It turns out that no equilibrium price can be observed for 143 out of 146 price comparisons. For 

many products, there are retailers who charge more than double than the cheapest offer. The 

percentage price range is 125.96% on average. The average coefficient of variation is 0.20. Both 

values are far from 0, the value suggested by the theory. 

According to neoclassical theory, sellers who charge more than the equilibrium price should not 

find buyers and should thus be forced out of the market in the long run. This obviously does not 

happen in practice. There seem to be significantly more influencing factors than just the price 

that are decisive for transactions to take place. We argue that the steering function of the 

neoclassical market model and the dominant role it plays in research and teaching should be 

critically questioned in light of this evident discrepancy between theory and practice. 
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Chapter II – Reducing Algorithm Aversion Through Experience 

Abstract 

In the context of an experiment, we examine the persistence of aversion towards algorithms in 

relation to learning processes. The subjects of the experiment are asked to make one share price 

forecast (rising or falling) in each of 40 rounds. A forecasting computer (algorithm) is available to 

them which has a success rate of 70%. Intuitive forecasts made by the subjects usually lead to a 

significantly poorer success rate. Feedback provided after each round of forecasts and a clear 

financial incentive lead to the subjects becoming better able to estimate their own forecasting 

abilities. At the same time, their aversion to algorithms also decreases significantly. 
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Chapter III – The Tragedy of Algorithm Aversion 

Abstract 

Algorithms already carry out many tasks more reliably than human experts. Nevertheless, some 

subjects have an aversion towards algorithms. In some decision-making situations an error can 

have serious consequences, in others not. In the context of a framing experiment, we examine 

the connection between the consequences of a decision-making situation and the frequency of 

algorithm aversion. This shows that the more serious the consequences of a decision are, the 

more frequently algorithm aversion occurs. Particularly in the case of very important decisions, 

algorithm aversion thus leads to a reduction of the probability of success. This can be described 

as the tragedy of algorithm aversion. 

Keywords 

Algorithm aversion, technology adoption, framing, behavioral economics, experiments. 

JEL Classification 

D81, D91, G41, O33. 
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1. Introduction

Automated decision-making or decision aids, so-called algorithms, are becoming increasingly 

significant for many people’s working and private lives. The progress of digitalization and the 

growing significance of artificial intelligence in particular mean that efficient algorithms have now 

already been available for decades (see, for example, Dawes, Faust & Meehl, 1989). These 

algorithms already carry out many tasks more reliably than human experts. However, only a few 

algorithms are completely free of errors. Some areas of application of algorithms have serious 

consequences in the case of a mistake – such as autonomous driving (cf. Shariff, Bonnefon & 

Rahwan, 2017), making medical diagnoses (cf. Majumdar & Ward, 2011), or support in criminal 

proceedings (cf. Simpson, 2016). On the other hand, algorithms are also used for tasks which do 

not have such severe consequences in the case of an error, such as dating service (cf. Brozovsky 

& Petříček, 2007), weather forecasts (cf. Sawaitul, Wagh & Chatur, 2012) and the 

recommendation of recipes (cf. Ueda, Takahata & Nakajima, 2011).  

Some subjects have a negative attitude towards algorithms. This is usually referred to as 

algorithm aversion (for an overview of algorithm aversion see Burton, Stein & Jensen, 2020). 

Many decision-makers thus tend to delegate tasks to human experts or carry them out 

themselves. This is also frequently the case when it is clearly recognizable that using algorithms 

would lead to an increase in the quality of the results. 

Previous publications on this topic have defined the term algorithm aversion in quite different 

ways (Table 1). These different understandings of the term are reflected in the arguments put 

forward as well as in the design of the experiments carried out. From the perspective of some 

researchers, it is only possible to speak of algorithm aversion when the algorithm recognizably 

provides the option with the highest quality result or probability of success (cf. Köbis & Mossink, 

2021; Burton, Stein & Jensen, 2020; Ku, 2020; Castelo, Bos & Lehmann, 2019; Dietvorst, Simmons 

& Massey, 2015). However, other authors consider algorithm aversion to be present as soon as 

subjects exhibit a fundamental disapproval of an algorithm in spite of its possible superiority (cf. 

Efendić, Van de Calseyde & Evans, 2020; Niszczota & Kaszás, 2020; Horne et al., 2019; Logg, 

Minson & Moore, 2019; Rühr et al., 2019; Yeomans et al., 2019; Prahl & Van Swol, 2017).  

Another important aspect of how the term algorithm aversion is understood is the question of 

whether and possibly also how the subjects hear about the superiority of the algorithm. Differing 

approaches were chosen in previous studies. Dietvorst, Simmons and Massey (2015) focus on the 

gathering of experience in dealing with an algorithm in order to be able to assess its probability 

of success in comparison to one’s own performance. In a later study, Dietvorst, Simmons and 

Massey (2018) specify the average error of the algorithm. Alexander, Blinder and Zak (2018) 

provide exact details on the probability of success of the algorithm, or they refer to the rate at 

which other subjects used the algorithm in the past.  
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Table 1: Definitions of algorithm aversion in the literature 

Authors Definition of algorithm aversion 

Dietvorst,  
Simmons &  
Massey, 2015 

"Research shows that evidence-based algorithms more accurately predict the future than do 
human forecasters. Yet when forecasters are deciding whether to use a human forecaster or a 
statistical algorithm, they often choose the human forecaster. This phenomenon, which we call 
algorithm aversion (…)" 

Prahl & Van Swol, 
2017 

"The irrational discounting of automation advice has long been known and a source of the spirited 
“clinical versus actuarial” debate in clinical psychology research (Dawes, 1979; Meehl, 1954). 
Recently, this effect has been noted in forecasting research (Önkal et al., 2009) and has been 
called algorithm aversion (Dietvorst, Simmons, & Massey, 2015)." 

Dietvorst,  
Simmons &  
Massey, 2018 

"Although evidence-based algorithms consistently outperform human forecasters, people often 
fail to use them after learning that they are imperfect, a phenomenon known as algorithm 
aversion." 

Castelo, Bos & 
Lehmann, 2019 

"The rise of algorithms means that consumers are increasingly presented with a novel choice: 
should they rely more on humans or on algorithms? Research suggests that the default option in 
this choice is to rely on humans, even when doing so results in objectively worse outcomes." 

Horne, Nevo, 
O’Donovan, Cho 
& Adali, 2019 

“For example, Dietvorst et al. (Dietvorst, Simmons, and Massey 2015) studied when humans 
choose the human forecaster over a statistical algorithm. The authors found that aversion of the 
automated tool increased as humans saw the algorithm perform, even if that algorithm had been 
shown to perform significantly better than the human.” 

Ku, 2019 “(…) “algorithm aversion”, a term refers by Dietvorst et al. (Dietvorst et al. 2015) means that 
humans distrust algorithm even though algorithm consistently outperform humans.” 

Leyer & 
Schneider, 2019 

“In the particular context of the delegation of decisions to AI-enabled systems, recent findings 
have revealed a general algorithmic aversion, an irrational discounting of such systems as suitable 
decision-makers despite objective evidence (Dietvorst, Simmons and Massey, 2018)” 

Logg, Minson & 
Moore, 2019 

"(…) human distrust of algorithmic output, sometimes referred to as “algorithm aversion” 
(Dietvorst, Simmons, & Massey, 2015).1 “; Footnote 1: "while this influential paper [of Dietvorst et 
al.] is about the effect that seeing an algorithm err has on people's likelihood of choosing it, it has 
been cited as being about how often people use algorithms in general." 

Önkal, Gönül & 
De Baets, 2019 

“(…) people are averse to using advice from algorithms and are unforgiving toward any errors 
made by the algorithm (Dietvorst et al., 2015; Prahl & Van Swol, 2017).” 

Rühr, Streich,  
Berger & Hess, 
2019 

"Users have been shown to display an aversion to algorithmic decision systems [Dietvorst, 
Simmons, Massey, 2015] as well as to the perceived loss of control associated with excessive 
delegation of decision authority [Dietvorst, Simmons, Massey, 2018]." 

Yeomans, Shah, 
Mullainathan & 
Kleinberg, 2019 

"(...) people would rather receive recommendations from a human than from a recommender 
system (...). This echoes decades of research showing that people are averse to relying on 
algorithms, in which the primary driver of aversion is algorithmic errors (for a review, see 
Dietvorst, Simmons, & Massey, 2015)." 

Berger, Adam, 
Rühr & Benlian, 
2021 

“Yet, previous research indicates  that people often prefer human support to support by an IT 
system, even if the latter provides superior performance – a phenomenon called algorithm 
aversion.” (…) “These differences result in two varying understandings of what algorithm aversion 
is: unwillingness to rely on an algorithm that a user has experienced to err versus general 
resistance to algorithmic judgment.” 

Burton, Stein & 
Jensen, 2020 

"(…) algorithm aversion—the reluctance of human forecasters to use superior but imperfect 
algorithms— (…)" 

De-Arteaga, 
Fogliato & 
Chouldechova, 
2020 

“Algorithm aversion–the tendency to ignore tool recommendations after seeing that they can be 
erroneous (…)” 

Efendić, Van de 
Calseyde & 
Evans, 2020 

"Algorithms consistently perform well on various prediction tasks, but people often mistrust their 
advice. (…) However, repeated observations show that people profoundly mistrust algorithm-
generated advice, especially after seeing the algorithm fail (Bigman & Gray, 2018; Diab, Pui, 
Yankelevich, & Highhouse, 2011; Dietvorst, Simmons, & Massey, 2015; Önkal, Goodwin, Thomson, 
Gönül, & Pollock, 2009).” 
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Erlei, Nekdem, 
Meub, Anand & 
Gadiraju, 2020 

"Recently, the concept of algorithm aversion has raised a lot of interest (see (Burton, Stein, and 
Jensen 2020) for a review). In their seminal paper, (Dietvorst, Simmons, and Massey 2015) 
illustrate that human actors learn differently from observing mistakes by an algorithm in 
comparison to mistakes by humans. In particular, even participants who directly observed an 
algorithm outperform a human were less likely to use the model after observing its 
imperfections." 

Germann & 
Merkle, 2020 

“The tendency of humans to shy away from using algorithms even when algorithms observably 
outperform their human counterpart has been referred to as algorithm aversion.” 

Ireland, 2020 “(…) some researchers find that, when compared to humans, people are averse to algorithms after 
recording equivalent errors.” 

Jussupow, 
Benbasat & 
Heinzl, 2020 

"(…) literature suggests that although algorithms are often superior in performance, users are 
reluctant to interact with algorithms instead of human agents – a phenomenon known as 
algorithm aversion" 

Niszczota & 
Kaszás, 2020 

“When given the possibility to choose between advice provided by a human or an algorithm, 
people show a preference for the former and thus exhibit algorithm aversion (Castelo et al., 2019; 
Dietvorst et al., 2015, 2016; Longoni et al., 2019).” 

Wang, Harper & 
Zhu, 2020 

“(…) people tend to trust humans more than algorithms even when the algorithm makes more 
accurate predictions.” 

Kawaguchi, 2021 “The phenomenon in which people often obey inferior human decisions, even if they understand 
that algorithmic decisions outperform them, is widely observed. This is known as algorithm 
aversion (Dietvorst et al. 2015).” 

Köbis & Mossink, 
2021 

“When people are informed about algorithmic presence, extensive research reveals that people 
are generally averse towards algorithmic decision makers. This reluctance of “human decision 
makers to use superior but imperfect algorithms” (Burton, Stein, & Jensen, 2019; p.1) has been 
referred to as algorithm aversion (Dietvorst, Simmons, & Massey, 2015). In part driven by the 
belief that human errors are random, while algorithmic errors are systematic (Highhouse, 2008), 
people have shown resistance towards algorithms in various domains (see for a systematic 
literature review, Burton et al., 2019).” 

Commerford, 
Dennis, Joe & 
Wang, 2022 

“(…) algorithm aversion – the tendency for individuals to discount computer-based advice more 
heavily than human advice, although the advice is identical otherwise.” 

In addition, when dealing with algorithms, the way in which people receive feedback is of 

significance. Can subjects (by using their previous decisions) draw conclusions about the quality 

and/or success of an algorithm? Dietvorst, Simmons and Massey (2015) merely use feedback in 

order to facilitate experience in dealing with an algorithm. Prahl and Van Swol (2017) provide 

feedback after every individual decision, enabling an assessment of the success of the algorithm. 

Filiz et al. (2021) also follow this approach and use feedback after every single decision in order 

to examine the decrease in algorithm aversion over time. 

Other aspects which emerge from the previous definitions of algorithm aversion in the literature 

are the reliability of the algorithm (perfect or imperfect), the observation of its reliability (the 

visible occurrence of errors), access to historical data on how the algorithmic forecast was drawn 

up; the setting (algorithm vs. expert; algorithm vs. amateur; algorithm vs. subject) as well as 

extent of the algorithm’s intervention (does the algorithm act as an aid to decision-making or 

does it carry out tasks automatically?). 

In our view, the superiority of the algorithm (higher probability of success) and the knowledge of 

this superiority are the decisive aspects. We only speak of algorithm aversion when subjects are 

clearly aware that not using the algorithm reduces the expected value of their utility and they do 

not deploy it nevertheless. A decision against the use of an algorithm which is known to be 
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superior reduces the expected value of the subject’s pecuniary utility and thus has to be viewed 

as a behavioral anomaly (cf. Frey, 1992; Kahneman & Tversky, 1979; Tversky & Kahneman, 1974). 

In decision-making situations which lead to consequences which are not so serious in the case of 

an error, a behavioral anomaly of this kind does not have particularly significant effects. In the 

case of a dating service, the worst that can happen is meeting with an unsuitable candidate. In 

the case of an erroneous weather forecast, unless it is one for seafarers, the worst that can 

happen is that unsuitable clothing is worn, and if the subject is the recommendation of recipes, 

the worst-case scenario is a bland meal. However, particularly in the case of decisions which have 

serious consequences in the case of a mistake, diverging from the rational strategy would be 

highly risky. For example, a car crash or a wrong medical diagnosis can, in the worst case, result 

in someone’s death. Being convicted in a criminal case can lead to many years of imprisonment. 

In these serious cases, it is important to be sensible and use an algorithm when it is superior in 

terms of its probability of success. Can algorithm aversion be overcome in serious situations in 

order to make a decision which maximizes utility and which, at best, can save a life? 

Tversky & Kahneman (1981) show that decisions can be significantly influenced by the context of 

the decision-making situation. The story chosen to illustrate the problem influences the salience 

of the information, which can also lead to an irrational neglect of the underlying mathematical 

facts. This phenomenon is also referred to as the framing effect (for an overview see Cornelissen 

& Werner, 2014). Irrespective of the actual probability of success, subjects do allow themselves 

to be influenced. Algorithm aversion can be more or less pronounced in different decision-making 

contexts. It is possible that subjects who have to decide on the use of an algorithm also take the 

consequences of their decision into account. This study therefore uses a framing approach to 

examine whether subjects are prepared to desist from their algorithm aversion in decision-

making situations which can have severe consequences. We thus consider whether there are 

significantly different frequencies of algorithm aversion depending on whether the decision-

making situations can have serious consequences or not. 

2. Experimental design and hypotheses

In order to answer the research question, we carry out an economic experiment in which the 

subjects assume the perspective of a businessperson who offers a service to his/her customers. 

A decision has to be made on whether this service should be carried out by specialized algorithms 

or by human experts.  

In this framing approach, three decision-making situations with potentially serious consequences 

(Treatment A) and three decision-making situations with significantly less serious effects are 

compared (Treatment B). In Treatment A it concerns the following services: (1) Driving services 

with the aid of autonomous vehicles (algorithm) or with the aid of drivers, (2) The evaluation of 

MRI scans with the help of a specialized computer program (algorithm) or with the aid of doctors, 

and (3) The evaluation of files on criminal cases with the aid of a specialized computer program 

(algorithm) or with the help of legal specialists. In Treatment B it concerns the following services: 

(1) A dating site providing matchmaking with the aid of a specialized computer program

(algorithm) or with the support of staff trained in psychology, (2) The selection of recipes for
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cooking subscription boxes with the aid of a specialized computer program or the help of staff 

trained as professional chefs, and (3) The drawing up of weather forecasts with the help of a 

specialized computer program (algorithm) or using experienced meteorologists (Table 2).   

Table 2: Treatments and decision-making situations 

Decision-making situation Treatment 

Autonomous driving 
Evaluation of MRI scans A (possibly serious consequences) 

The assessment of criminal case files 

Dating service 
Selection of recipes B (no serious consequences) 
Drawing up weather forecasts 

The decision-making situations are selected in such a way that the subjects should be familiar 

with them from public debates or from their own experience. In this way, it is easier for the 

subjects to immerse themselves in the respective context. Detailed descriptions of the decision-

making situations can be viewed in Appendix C. 

The study has a between-subjects design. Each subject is only confronted with one of a total of 

six decision-making situations. All six decision-making situations have the same probability of 

success: the algorithm carries out the service with a probability of success of 70%. The human 

expert carries out the service with a probability of success of 60%. The payment structure is 

identical in both treatments. The participants receive a show-up fee of €2, and an additional 

payment of €4 is made if the service is carried out successfully. It is only the contextual framework 

of the six decision-making situations which varies. 

First of all, the subjects are asked to assess the gravity of the decision-making situation on a scale 

from 0 (not serious) to 10 (very serious). This question has the function of a manipulation check - 

in this way it can be seen whether the subjects actually perceive the implications of the decision-

making situations in Treatment A as more serious than those in Treatment B. In the case of 

autonomous vehicles and the evaluation of MRI scans, it could be a matter of life and death. In 

the evaluation of documents in the context of criminal cases, it could lead to serious limitations 

of personal freedom. The three decision-making situations in Treatment A can thus have 

significant consequences for third parties if they end unfavorably. The situation is different in the 

case of matchmaking, selecting recipes and drawing up weather forecasts. Even when these tasks 

cannot be accomplished in a satisfactory way sometimes, the consequences are usually not very 

severe. A date might turn out to be dull, or one is disappointed by the taste of a lunch, or you are 

out without a jacket in the rain. None of those things would be pleasant, but the implications in 

Treatment B are far less serious than those in Treatment A. 

A Homo Oeconomicus (a person who acts rationally in economic terms) must – regardless of the 

context – prefer the algorithm to human experts, because it maximizes his or her financial utility. 

Every decision in favor of the human experts has to be considered algorithm aversion.  
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Algorithm aversion is a phenomenon which can occur in a wide range of decision-making 

situations (Burton, Stein & Jensen, 2020). We thus presume that the phenomenon can also be 

observed in this study. Although the decision-making situations offer no rational grounds for 

choosing the human experts, some of the participants will do precisely this. Hypothesis 1 is: Not 

every subject will select the algorithm. Null hypothesis 1 is therefore: Every subject will select the 

algorithm. 

Castelo, Bos & Lehmann (2019) show that framing is suited to influencing algorithm aversion. A 

dislike for algorithms appears to various degrees in different contexts. Nonetheless, in this study, 

the algorithm was not recognizably the most reliable alternative, and there is also no 

performance-related payment for the subjects. In Castelo, Bos & Lehmann (2019), algorithm 

aversion is therefore not modeled as a behavioral anomaly. 

However, we expect that the frame will have an influence on algorithm aversion if the financial 

advantage of the algorithm is clearly recognizable. Hypothesis 2 is: The proportion of decisions 

made in favor of the algorithm will vary significantly between the two treatments. Null hypothesis 

2 is therefore: The proportion of decisions made in favor of the algorithm will not vary significantly 

between the two treatments. 

In the literature there are numerous indications that framing can significantly influence the 

decision-making behavior of subjects (cf. Tversky & Kahneman, 1981). If subjects acted rationally 

and maximized their utility, neither algorithm aversion nor the framing effect would arise. 

Nonetheless, real human subjects – as the research in behavioral economics frequently shows – 

by no means act like Homo Oeconomicus. Their behavior usually tends to correspond more to the 

model of bounded rationality put forward by Herbert A. Simon (1959). Human beings suffer from 

cognitive limitations – they fall back on rules of thumb and heuristics. But they do try to make 

meaningful decisions – as long as this does not involve too much effort. This kind of ‘being 

sensible’ – which is often praised as common sense – suggests that great efforts have to be made 

when decisions can have particularly severe consequences. The founding of a company is 

certainly given much more thought than choosing which television program to watch on a rainy 

Sunday afternoon. And much more care will usually be invested in the selection of a heart surgeon 

than in the choice of a pizza delivery service.  

This everyday common sense, which demands different levels of effort for decision-making 

situations with different degrees of gravity, could contribute towards the behavioral anomaly of 

algorithm aversion appearing more seldom in Treatment A (decisions with possible serious 

consequences) than in Treatment B (decisions with relatively insignificant effects). Hypothesis 3 

is thus: The greater the gravity of a decision, the more seldom the behavioral anomaly of 

algorithm aversion arises. Null hypothesis 3 is therefore: Even when the gravity of a decision-

making situation increases, there is no reduction in algorithm aversion.  

3. Results

This economic experiment is carried out between 2-14 November 2020 in the Ostfalia Laboratory 

of Experimental Economic Research (OLEW) of Ostfalia University of Applied Sciences in 
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Wolfsburg. A total of 143 students of the Ostfalia University of Applied Sciences take part in the 

experiment. Of these, 91 subjects are male (63.6%), 50 subjects are female (35%) and 2 subjects 

(1.4%) describe themselves as non-binary. Of the 143 participants, 65 subjects (45.5%) study at 

the Faculty of Economics and Business, 60 subjects (42.0%) at the Faculty of Vehicle Technology, 

and 18 subjects (12.6%) at the Faculty of Health Care. Their average age is 23.5 years.  

Of the participants, 71 subjects are in a decision-making situation which has been assigned to 

Treatment A, while 72 subjects are presented with a decision-making situation which has been 

assigned to Treatment B. The distribution of the subjects to the two treatments has similarities 

to their distribution among the faculties as well as their gender. In Treatment A (respectively 

Treatment B), 42.3% (41.7%) of the subjects belong to the faculty of vehicle technology, while 

16.9% (8.3%) belong to the faculty of health care, and 40.8% (50.0%) belong to the faculty of 

business. In Treatment A (respectively Treatment B), 63.4% (63.9%) of the subjects are male, and 

36.6% (33.3%) are female, and 0% (2.8%) are non-binary (Figure 1). 

Figure 1: Proportions of the subjects belonging to a faculty and/or gender in Treatments A and B. 

The experiment is programmed with z-Tree (cf. Fischbacher, 2007). Only the lottery used to 

determine the level of success when providing the service is carried out by taking a card from a 

pack of cards. In this way we want to counteract any possible suspicion that the random event 

could be manipulated. The subjects see the playing cards and can be sure that when they choose 

the algorithm there is a probability of 70% that they will be successful (the pack of cards consists 

of seven +€4 cards and three ±€0 cards). In addition, they can be sure that if they choose a human 

expert their probability of success is 60% (the pack of cards consists of six +€4 cards and four €±0 

cards) (see Appendix D, Figure A-1 and A-2).  

The time needed for reading the instructions of the game (Appendix A), answering the test 

questions (Appendix B) and carrying out the task is 10 minutes on average. A show-up fee of €2 

and the possibility of a performance-related payment of €4 seem appropriate for the time spent 

- it is intended to be sufficient incentive for meaningful economic decisions, and the subjects do

actually give the impression of being concentrated and motivated.

The results of the manipulation check show that the subjects perceive the gravity of the decision-

making situations significantly differently (Table 3 and Figure 2). In the decision-making situations 

with serious consequences (Treatment A), the average of the perceived gravity is 9.0 with a 
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standard deviation of 1.37. In the evaluation of the gravity of the decision-making situations of 

Treatment B on the other hand, there is an average of 6.54 with a standard deviation of 2.53.  

Table 3: Evaluation of gravity in Treatments A and B 

Treatment A Treatment B 

First quartile 8 5 

Third quartile 10 8 

Median 10 7 

Average0  } 9.00 6.54 

Standard deviation 1.37 2.53 

The graphical analysis also shows that overall, the subjects assess the gravity in Treatment A to 

be more serious than in Treatment B. In a direct comparison of the violin plots, however, it is 

obvious that there is a larger range than in Treatment A, because some subjects also assess the 

gravity as very high in Treatment B (Figure 2).  

The Wilcoxon rank-sum test (Mann-Whitney U test) (cf. Wilcoxon, 1945; Mann & Whitney, 1947) 

shows that the gravity of the decision-making situations in Treatment A is assessed as being 

significantly higher than that of the decision-making situations in Treatment B (z = 6.689; p ≤ 

0.001).  

Figure 2: Violin plot for the assessment of the gravity of the decision-making situations 

Overall, only 87 out of 143 subjects (60.84%) decide to delegate the service to the (superior) 

algorithm. A total of 56 subjects (39.16%) prefer to rely on human experts in spite of the lower 

probability of success. Null hypothesis 1 thus has to be rejected. The result of the Chi-square 

goodness of fit test is highly significant (𝛘² (n = 143) = 21.93, p ≤ 0.001). On average, around two 
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out of five subjects thus tend towards algorithm aversion (Table 4). This is a surprisingly clear 

result, as the decision-making situations are very obvious. The fact that preferring human experts 

and rejecting the algorithm reduces the expected value of the performance-related payment 

should really be completely clear to all of the subjects. However, the need to decide against the 

algorithm is obviously strong in a part of the subjects. 

Table 4: Decisions for and against the algorithm 

Decisions for 
the algorithm 

Decisions against 
the algorithm 

n Number Percent Number Percent 

Treatment A (serious) 71 36 50.70% 35 49.30% 

Treatment B (not serious) 72 51 70.83% 21 29.17% 

Σ 143 87 60.84% 56 39.16% 

Furthermore, a difference in the number of decisions in favor of the algorithm between the two 

treatments can be observed. Whereas in Treatment A 50.7% of the subjects trust the algorithm, 

this figure rises to 70.83% in Treatment B. Karl Pearson’s 𝛘² test (cf. Pearson, 1900) reveals that 

null hypothesis 2 has to be rejected (p = 0.014). The frequency with which algorithm aversion 

occurs is influenced by the implications involved in the decision-making situation. The framing 

effect has an impact. 

A framing effect sets in, but not in the way one might expect. Whereas in Treatment A (possibly 

serious consequences) 49.3% of the subjects do exhibit the behavioral anomaly of algorithm 

aversion, this is only the case in 29.17% of the subjects in Treatment B (no serious consequences) 

(Table 4). Null hypothesis 3 can therefore not be rejected. 

There may be situations in which people like to act irrationally at times. However, common sense 

suggests that one should allow oneself such lapses in situations where serious consequences 

must not be feared. For example, when there is a nice barbecue going on, the host may open a 

third barrel of beer although he suspects that this will lead to hangovers the next day among 

some of his guests. In the case of important decisions, however, one should be wide awake and 

try to distance oneself from reckless tendencies. For example, if the same man visits a friend in 

hospital whose life would be acutely threatened by drinking alcohol after undergoing a 

complicated stomach operation, he would be wise to avoid bringing him a bottle of his favorite 

whisky. This comparison of two examples illustrates what could be described as common sense 

and would be approved of by most neutral observers. 

Nevertheless, the results of the experiment point in the opposite direction. In the less serious 

decision-making situations (Treatment B) the tendency towards algorithm aversion is much less 

marked than in the serious situations (Treatment A). 
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This result is confirmed by a regression analysis which demonstrates the relationship between 

algorithm aversion and the perceived gravity of the decision-making situation. For the possible 

assessments of the consequences (from 0 = not serious to 10 = very serious), the respective 

average percentage of the decisions in favor of the algorithm is determined. The decisions of all 

143 subjects are included in the regression analysis. Differentiation between the two treatments 

does not play a role here (Figure 3).  

Figure 3: Decisions in favor of the algorithm depending on the gravity of the decision-making 

situation 

If the common sense described above would have an effect, the percentage of decisions for the 

algorithm from left to right (in other words with increasing perceived gravity of the decision-

making situation) would tend to rise. Instead, the opposite can be observed. Whereas in the case 

of only a low level of gravity (zero and one) 100% of decisions are still made in favor of the 

algorithm, the proportion of decisions for the algorithm decreases with increasing gravity. In the 

case of very serious implications (nine and ten), only somewhat more than half of the subjects 

decide to have the service carried out by an algorithm (Figure 3). If the perceived gravity of a 

decision increases by a unit, the probability of a decision in favor of the algorithm falls by 3.9% (t: 

-2.29; p = 0.023). Null hypothesis 3 can therefore not be rejected. In situations which have serious

consequences in the case of an error, algorithm aversion is actually especially pronounced.

These results are very surprising, given that common sense would deem – particularly in the case 

of decisions which have serious consequences – that the option with the greatest probability of 

success should be chosen. If subjects allow themselves to be influenced by algorithm aversion to 

make decisions to their own detriment, they should only do so when they can take responsibility 

for the consequences with a clear conscience. In cases where the consequences are particularly 

severe, maximization of the success rate should take priority. But the exact opposite is the case. 

Algorithm aversion appears most frequently in cases where it can cause the most damage. To this 

extent it seems necessary to speak of the tragedy of algorithm aversion. 
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The decisive advantage of a framing approach is that the influence of a factor can be clearly 

identified. There is only one difference between the decision-making situations in Treatment A 

and Treatment B: the gravity of the possible consequences. It is needless to say that these are 

consequences which might have to be borne by third parties. It would be possible to continue 

this line of research by giving up the framing approach and modeling a situation where the 

subjects are directly affected. In this case, different incentives would have to be introduced into 

the two treatments. Success in Treatment A (possible serious consequences) would then have to 

be rewarded with a higher amount than in Treatment B (no serious consequences). However, we 

presume that our results would also be fully confirmed by an experiment based on this approach, 

given that it is a between-subjects design in which every subject is only presented with one of the 

six decision-making situations. Whether one receives €4 or €8 for a successful choice in Treatment 

A will probably not have a notable influence on the results. Nonetheless, the empirical 

examination of this assessment is something which will have to wait for future research efforts. 

4. Summary

Many people decide against the use of an algorithm even when it is clear that the algorithm 

promises a higher probability of success than a human mind. This behavioral anomaly is referred 

to as algorithm aversion.  

The subjects are placed in the position of a businessperson who has to choose whether to have a 

service carried out by an algorithm or by a human expert. If the service is carried out successfully, 

the subject receives a performance-related payment. The subjects are informed that using the 

respective algorithm leads to success in 70% of all cases, while the human expert is only successful 

in 60% of all cases. In view of the recognizably higher success rate, there is every reason to trust 

in the algorithm. Nevertheless, just under 40% of the subjects decide to use the human expert 

and not the algorithm. In this way they reduce the expected value of their performance-related 

payment and thus manifest the behavioral anomaly of algorithm aversion. 

The most important objective of the study is to find out whether decision-making situations of 

varying gravity can lead to differing frequencies of the occurrence of algorithm aversion. To do 

this, we choose a framing approach. Six decision-making situations (three of which have 

potentially serious effects and another three which could have not very serious consequences) 

have an identical payment structure. The differing consequences of the decision-making 

situations do not affect the subjects themselves, but possibly have implications for third parties. 

Against this background there is no incentive or reason to act differently in each of the six 

decision-making situations. It is a between-subjects approach – this means that each subject is 

only presented with one of the six decision-making situations. 

The results are clear. In the three decision-making situations with potentially serious 

consequences for third parties (Treatment A), just under 50% of the subjects exhibit algorithm 

aversion. In the three decision-making situations with not very serious consequences for third 

parties (Treatment B), however, less than 30% of the subjects exhibit algorithm aversion. 

28



Chapter III – The Tragedy of Algorithm Aversion 

This is a really surprising result. If a framing effect were to occur, it would have been expected to 

be in the opposite direction. In cases with implications for freedom or even danger to life 

(Treatment A), one should tend to select the algorithm as the option with a better success rate. 

Instead, algorithm aversion shows itself particularly strongly here. If it is only a matter of 

arranging a date, creating a weather forecast or offering recipes (Treatment B), the possible 

consequences are quite clear. In a situation of this kind, one can still afford to have irrational 

reservations about an algorithm. Surprisingly, however, algorithm aversion occurs relatively 

infrequently in these situations.  

One can call it the tragedy of algorithm aversion because it arises above all in situations in which 

it can cause particularly serious damage. 
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Appendix A: Instructions for the game 

The game 

You are a businessperson and have to decide whether you want a service you are offering for the 

first time carried out solely by an algorithm or solely by human experts. You are aware that the 

human experts carry out the task with a probability of success of 60%. You are also aware that 

the algorithm carries out the task with a probability of success of 70%. 

Procedure 

After reading the instructions and answering the test questions the decision-making situation is 

presented to you. This specifies the service which your company offers. First of all, you are asked 

to assess the gravity of the decision-making situation from the perspective of your customers. 

Then you decide whether the service should be carried out by human experts or by an algorithm. 

Payment 

You receive a show-up fee of €2 for taking part in the experiment. Apart from this, an additional 

payment of €4 is made if the service is carried out successfully.  

Information 

• Please remain quiet during the experiment!
• Please do not look at your neighbor’s screen!
• Apart from a pen/pencil and a pocket calculator, no aids are permitted (smartphones,

smart watches etc.).
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Appendix B: Test questions 

Test question 1: Which alternatives are available to you to carry out the service? 

a) I can provide the service myself or have it done by an algorithm.

b) I can provide the service myself or have it done by human experts.

c) I can have the service carried out via human experts or by an algorithm. (correct)

Test question 2: For how many newly-offered services do you need to make a choice? 

a) None.

b) One. (correct)

c) Two.

Test question 3: How much is the bonus payment for carrying out the task successfully? 

a) €1.

b) €2.50.

c) €4. (correct)

Test question 4: How much is the bonus payment if you carry out the task wrongly? 

a) -€2.50.

b) €0. (correct)

c) €2.50.
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Appendix C: Decision-making situations in Treatments A and B 

Appendix C.1: Treatment A - Rather serious decision-making situations 

Decision-making situation A-1: Autonomous driving 

You are the manager of a public transport company and have to decide whether you want to 

transport your 100,000 passengers solely with autonomous vehicles (algorithm) or solely with 

vehicles with drivers (human experts). The task will be considered to have been successfully 

completed when all of your customers have reached their destination safely. In an extreme 

case, a wrong decision could mean the death of a passenger. 

I choose: O   Autonomous vehicles (algorithm) 

O   Drivers (human experts) 

Decision-making situation A-2: MRI scan 

You are the manager of a large hospital and have to decide whether the MRI scans of your 

100,000 patients with brain conditions should be assessed solely by a specialized computer 

program (algorithm) or solely by doctors (human experts). The task will be considered to have 

been successfully completed when all life-threatening symptoms are recognized 

immediately. In an extreme case, a wrong decision could mean the death of a patient. 

I choose: O   Specialized computer program (algorithm) 

O   Doctors (human experts) 

Decision-making situation A-3: Criminal cases 

You are the head of a large law firm and have to decide whether the analysis of the case 

documents of your 100,000 clients should be carried out exclusively by a specialized 

computer program (algorithm) or solely by defense lawyers (human experts). The task will be 

considered to have been successfully completed when the penalties issued to your clients are 

below the national average. In an extreme case, a wrong decision could mean an unjustified 

long prison sentence for a client. 

I choose: O   Specialized computer program (algorithm) 

O  Defense lawyers (human experts) 
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Appendix C.2: Treatment B - Less serious decision-making situations 

Decision-making situation B-1: Dating service 

You are the manager of an online dating site and have to decide whether potential partners 

are suggested to your 100,000 customers solely by a specialized computer program 

(algorithm) or exclusively by trained staff (human experts). The task will be considered to 

have been successfully completed when you can improve the rating of your app in the App 

Store. For your customers, a wrong decision could lead to a date with a sub-optimal 

candidate.  

I choose: O   Specialized computer program (algorithm) 

O   Trained staff (human experts) 

Decision-making situation B-2: Recipes 

You are the manager of an online food retailer and have to decide whether your 100,000 

cooking boxes – with ingredients and recipes which are individually tailored to the customers 

– are put together solely by a specialized computer program (algorithm) or solely by trained

staff (human experts). The task will be considered to have been successfully completed when

you can increase the reorder rate as a key indicator of customer satisfaction. A wrong decision

could mean that the customers don’t like their meal.

I choose: O   Specialized computer program (algorithm) 

O   Trained staff (human experts) 

Decision-making situation B-3: Weather forecasts 

You are the manager of a news site and have to decide whether your 100,000 daily weather 

forecasts for various cities are carried out solely by a specialized computer program 

(algorithm) or exclusively by experienced meteorologists (human experts). The task will be 

considered to have been successfully completed when the temperatures forecast the 

previous day do not diverge by more than 1 degree Celsius from the actual temperature. A 

wrong decision could mean that the readers of the forecasts do not dress suitably for the 

weather. 

I choose: O   Specialized computer program (algorithm) 

O   Experienced meteorologists (human experts) 
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Appendix D: Determination of the random event with the aid of a lottery 

Figure A-1: Pack of cards in the selection of the algorithm 

Pack of cards in the selection of the algorithm: seven cards with the event +€4 and three cards 

with the event €±0. 

Figure A-2: Pack of cards in the selection of the human expert 

Pack of cards in the selection of the human expert: six cards with the event +€4 and four cards 

with the event €±0.
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Chapter IV – Comparing Different Kinds of Influence on an Algorithm… 

Abstract 

Although algorithms make more accurate forecasts than humans in many applications, decision-

makers often refuse to resort to their use. In an economic experiment, we examine whether the 

extent of this phenomenon known as algorithm aversion can be reduced by granting decision-

makers the possibility to exert an influence on the design of the algorithm (an influence on the 

algorithmic input). In addition, we replicate the study carried out by Dietvorst, Simmons & 
Massey (2018). This shows that algorithm aversion recedes significantly if the subjects can

subsequently change the results of the algorithm – and even if this is only by a few percent (an 

influence on the algorithmic output). The present study confirms that algorithm aversion is 

reduced significantly when there is such a possibility to influence the algorithmic output. 

However, exerting an influence on the algorithmic input seems to have only a limited ability 

to reduce algorithm aversion. A limited opportunity to modify the algorithmic output thus 

reduces algorithm aversion more effectively than having the ability to influence the algorithmic 

input. 
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interaction, experiments, behavioral economics. 
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1. Introduction

Businesses throughout the world are driving the digital transformation. Progress in the field of 

artificial intelligence (AI) has wide-ranging effects on our everyday lives and is bringing about 

fundamental changes in all fields of human life (Wamba-Taguimdje et al., 2020; Livingston & 

Risse, 2019; Makridakis, 2017). Technological progress is also leading to algorithms or algorithmic 

decision-making systems (ADM systems) being increasingly deployed in a wide range of areas and 

becoming part of day-to-day life. AI-based algorithms make a considerable contribution towards 

tasks being completed faster and above all more cheaply (Upadhyay & Khandelwal, 2018). In 

addition, algorithms can better the performance of humans (from lay persons to experts) in a 

multitude of areas and make more accurate predictions, including the following examples: 

forecasts on the performance of employees (Highhouse, 2008), the likelihood of ex-prisoners re-

offending (Wormith & Goldstone, 1984), or in making medical diagnoses (Beck et al., 2011; 

Gladwell, 2007; Grove et al., 2000; Dawes, Faust & Meehl, 1989; Adams et al., 1986).  

Nevertheless, in certain fields there is a lack of acceptance for the actual use of algorithms 

because subjects have reservations about them. This phenomenon, which is known as algorithm 

aversion, refers to the lack of trust in algorithms which arises in subjects as soon as they recognize 

that the algorithms sometimes make inaccurate predictions (Jussupow, Benbasat & Heinzl, 2020; 

Prahl & Van Swol, 2017; Dietvorst, Simmons & Massey, 2015). We therefore focus on the issue of 

how algorithm aversion can be reduced and how the level of acceptance of algorithms can be 

increased. 

In their study, Dietvorst, Simmons and Massey (2018) reveal a way in which algorithm aversion 

can be significantly reduced. In their experiment, the subjects can either choose an algorithm or 

make their own forecasts. Some of the subjects are – if they choose to use an algorithm – allowed 

to subsequently change the preliminary forecast of the algorithm by a few percentage points up 

or down (we describe this in our study as an opportunity to influence the ‘algorithmic output’). 

When they have this opportunity to make retrospective changes to the forecasts, significantly 

more subjects are prepared to consult the algorithm for their forecasts than otherwise. 

As long as the subjects are able to change the results of the algorithm (i.e., they have an influence 

on the algorithmic output), algorithm aversion can be significantly reduced. Decisions in favor of 

an algorithm are made more frequently if the users retain an element of control over it, whereby 

the extent to which they are able to modify the algorithm is irrelevant. Furthermore, users who 

can make slight modifications report that they are no less content with the forecasting process 

than users who can make unlimited changes. To sum up, users will deploy algorithms more often 

when they have the final say in how they deal with them (Dietvorst, Simmons & Massey, 2018). 

So is it crucial for lowering algorithm aversion that users are given an opportunity to influence 

the algorithmic output, or can algorithm aversion be generally reduced by providing a way of 

influencing the forecasting process? 

Human decision-makers want to influence algorithms instead of being at the mercy of their 

calculations (Honeycutt, Nourani & Ragan, 2020; Stumpf et al., 2008). In other words, decision-

makers need partial control over an algorithm in order to make a decision in favor of its use. 

Having real or at least perceived control over the decisions to be made satisfies the psychological 
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needs and personal interests of users (Colarelli & Thompson, 2008). This feeling of control can 

arise either via a real understanding of the efficiency of an algorithm, or via adaptations to the 

algorithmic decision-making process which have little or no influence on the functioning or level 

of performance of an algorithm (Burton, Stein & Jensen, 2020). In other words, if a user is granted 

control over decisions, this leads to a higher level of acceptance: if a recommendation algorithm 

for hotel rooms is used which only recommends hotel rooms based on the person’s previous 

search and purchasing behavior, the offers made are less readily accepted. However, if less than 

ideal offers are included, levels of acceptance of the algorithm improve (Taylor, 2017). 

Participation in the decision-making process, or a belief that one can influence the decision-

making process, can contribute towards the user exhibiting greater trust in a decision 

(Landsbergen et al., 1997). 

In our study, we therefore grant the subjects the opportunity to participate in the design of an 

algorithm by giving them an influence on the algorithmic input, although we keep the extent of 

their intervention in the algorithmic input small. In this way the algorithm can almost reach its 

maximum level of performance; however, this minor intervention could be of great significance 

in overcoming algorithm aversion (cf. Burton, Stein & Jensen, 2020). We examine whether the 

opportunity to participate in the design of the algorithm has an effect on its acceptance. In 

addition, we observe whether influencing the algorithmic input can contribute towards a 

reduction of algorithm aversion in the same way as influencing the algorithmic output does. 

2. Experimental design and hypotheses

In this study, the subjects are asked to forecast the exact price of a share in ten consecutive 

periods (Appendix A). Here, the price of the share is always the result of four influencing factors 

(A, B, C and D) which are supplemented by a random influence (Ɛ) (see Filiz et al. 2021; Filiz, 

Nahmer & Spiwoks, 2019; Meub et al., 2015; Becker, Leitner & Leopold-Wildburger, 2009). First 

of all, the subjects are familiarized with the scenario and are informed that the influencing factors 

A, C and D have a positive effect on the share price. This means that - other things being equal - 

when these influencing factors rise the share price will also rise. The influencing factor B, on the 

other hand, has a negative effect on the share price. This means that - other things being equal - 

when the influencing factor B rises, the share price will fall (Table 1). In addition, the subjects are 

informed that the random influence (Ɛ) has an expected value of zero. However, the random 

influence can lead to larger or smaller deviations from the share price level which the four 

influencing factors would suggest. 

The subjects are informed of the four influencing factors before each of the ten rounds of 

forecasting. In addition, they always receive a graphic insight into the historical development of 

the share price, the influencing factors and the random influence in the last ten periods. In this 

way, the subjects can recognize in a direct comparison how the levels of the four influencing 

factors have an effect on the share price during the individual rounds of forecasting. Through test 

questions we ensure that all subjects have understood this (Appendix B). 
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Table 1: Influencing factors in the formation of the share price 

Influencing 

factor 
Influence 

Strength of the 

influence 

A Positive Strong 

B Negative Strong 

C Positive Strong 

D Positive Medium 

The payment structure provides for a fixed show-up fee of €4 and a performance-related 

element. The level of the performance-related payment is dependent on the precision of the 

individual share price forecasts, whereby the greater the precision of the forecasts, the higher 

the payment (Table 2). The subjects can thus obtain a maximum payment of €16 (€4 show-up fee 

plus €12 performance-related payment from ten rounds of forecasting). 

Table 2: Performance-related payment for the forecasts 

Deviation of the forecast from the actual 

share price 

Payment for 

the forecast 

€0 ≤ │Kt - Pt │ ≤ €5  €1.20 

€5 < │Kt - Pt │ ≤ €10 €0.90 

€10 < │Kt - Pt │ ≤ €15 €0.60 

€15 < │Kt - Pt │ ≤ €20 €0.30 

│Kt - Pt │ > €20 €0.00 
Whereby Kt = share price at the point of time t, Pt = forecast at the point of time t. 

In order to help them make the share price forecasts, a forecasting computer (algorithm) is made 

available to the subjects. The subjects are informed that in the past the share price forecasts of 

the forecasting computer have achieved a payment of at least €0.60 per forecast in 7 out of 10 

cases. The subjects are thus aware of the fact that the algorithm they are using does not function 

perfectly. In order to make its forecasts, the algorithm uses the information which it has been 

given on the fundamental influencing factors, the direction and strength of the influence and the 

random influence (Ɛ) in a way that maximizes the accuracy and thus the expected payoff. In this 

way, however, it by no means achieves ‘perfect’ forecasts (for a detailed description of how the 

algorithm works, see Appendix D). Based on the same information and the historical share prices, 

the subjects can make their own assessments. They would, however, be wrong to assume that 

they can outperform the algorithm in this way. Following the suggestions of the algorithm would 

thus seem to be the more sensible option. Before making their first share price forecast, the 

subjects make a one-off decision on whether they wish to base their payment for the subsequent 

ten rounds of forecasting on their own forecasts or on those made by the forecasting computer. 

Our set-up is oriented towards that used in the study carried out by Dietvorst, Simmons & Massey 

(2018). 
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The experiment is carried out in three treatments. The study uses a between-subjects design: 

each subject is assigned to only one treatment and encounters the respective decision-making 

situation. In Treatment 1 (no opportunity to influence the algorithm), the subjects make the 

decision (once only) whether they want to use their own share price forecasts as the basis for 

their payment or whether they want to use the share price forecasts made by the forecasting 

computer. Even if the subjects choose the algorithm for determining their bonus, they have to 

make their own forecasts. In this case, their payoff only depends on the algorithm’s forecasts, not 

on the forecasts made by the subjects themselves. The obligation to submit one's own forecasts 

even when choosing the algorithm is based on the study by Dietvorst, Simmons & Massey (2018). 

Regardless of this decision, the subjects make their own forecasts without having access to the 

forecast of the algorithm. (Figure A-2 in Appendix C).  

With Treatment 2 (opportunity to influence the algorithmic output), we intend to replicate the 

results of Dietvorst, Simmons & Massey (2018). To this end, the subjects make the decision (once 

only) whether they solely want to use their own share price forecasts as the basis for their 

payment or whether they solely wish to use the share price forecasts made by the forecasting 

computer (which, however, can be adjusted by up to +/- €5) as the basis for their performance-

related payment. The algorithmic forecast is only made available to the subjects if they decide in 

favor of the forecasting computer (Figure A-3 in Appendix C). 

In Treatment 3, we introduce the opportunity to influence the design of the algorithm 

(algorithmic input). Before handing in their first share price forecast, the subjects again make the 

decision (once only) whether they want to solely use their own share price forecasts as the basis 

for their performance-related payment or whether they want to solely use the share price 

forecasts made by the forecasting computer. If they decide in favor of the share price forecasts 

of the forecasting computer, the subjects receive a one-off opportunity to influence the design 

of the algorithm (Figure A-4 in Appendix C). To this end, they are given a more detailed 

explanation. The algorithm uses data on four different factors which influence the formation of 

the share price (A, B, C and D). The last of these four influencing factors is identified as the 

sentiment of capital market participants and can be taken into account to various extents by the 

forecasting computer. To do so, the subjects can choose from four different levels. Whereas 

variant D1 attaches relatively little importance to sentiment, the extent to which sentiment is 

taken into account in the other variants increases continuously and is relatively strong in variant 

D4 (Figure 1).  

Subjects who decide to use the forecasting computer in Treatment 3 and thus receive the 

opportunity to influence the design of the algorithm have a one-off chance to change the design 

of the algorithm. This occurs solely by means of their choice of which degree of sentiment should 

be taken into account (variant D1, D2, D3 or D4).  
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Figure 1: Level of the influencing factor ‘Sentiment of capital market actors’ 

Önkal et al. (2009) already point out the phenomenon of algorithm aversion in the field of share 

price forecasts. Humans rely on share price forecasts less when they have been drawn up by an 

algorithm instead of a human expert. We examine whether algorithm aversion in the field of 

share price forecasts also occurs when a choice is made between an algorithm and a subject’s 

own forecasts. The strength of the forecasting computer (algorithm) lies in the fact that it uses 

the information which it is given in an optimal way. The subjects thus have no reason to expect 

that they can integrate this information into their forecasts in a similarly efficient way. They 

should therefore suspect that the forecasting computer will be superior to their own forecasts. 

On the basis of the existing findings (cf. Jussupow, Benbasat & Heinzl, 2020; Burton, Stein & 

Jensen, 2020), we expect that algorithm aversion will appear nevertheless. Hypothesis 1 is: The 

algorithm will not always be selected. Null hypothesis 1 is therefore: All of the subjects will select 

the algorithm. 

Algorithm aversion can be reduced by providing the opportunity to modify the algorithmic 

output, even when the possibilities for modification are modest (Dietvorst, Simmons & Massey, 

2018). In order to establish whether these measures can also contribute towards a reduction of 

algorithm aversion in the field of share price forecasts, we replicate the above-mentioned results 

in our experiment. Hypothesis 2 is: The proportion of decisions in favor of the algorithm will be 

significantly higher in Treatment 2 (opportunity to influence the algorithmic output) than in 

Treatment 1 (no influence possible). Null hypothesis 2 is therefore: The proportion of decisions 

in favor of the algorithm will not be significantly higher in Treatment 2 (opportunity to influence 

the algorithmic output) than in Treatment 1 (no influence possible). 

The fact that algorithms can make more accurate predictions than human forecasters has already 

been shown on numerous occasions (Grove et al., 2000; Dawes, 1979; Meehl, 1954). As 

modification of the algorithmic output can also have a negative overall effect on forecasting 

performance, it is examined whether there are additional possibilities to decrease algorithm 

aversion without allowing human modification of the algorithmic output. 

In their review of the literature, Burton, Stein & Jensen (2020) pose the question of whether the 

reduction of algorithm aversion by the modification of the algorithmic output can also be 
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achieved by a modification of the algorithmic input. Even the illusion of having the freedom to 

act and make decisions can be a possible solution to overcome algorithm aversion (Burton, Stein 

& Jensen, 2020). Users who interact with algorithms often receive their advice from a black box 

whose workings are a mystery to them. They thus develop theories about which kinds of 

information an algorithm uses as input and how this information is exactly processed (Logg, 

Minson & Moore, 2019). According to Colarelli & Thompson (2008), users need to at least have 

the feeling that they can exercise a degree of control in order to increase the acceptance of 

algorithms. This feeling of control can either come from a genuine understanding of how an 

algorithm works or by making modifications to the algorithmic decision-making process. Whether 

a genuine influence is exerted on the way the algorithm actually functions is not important here. 

It is only necessary to allow the users to have real or perceived control over decision-making in 

order to satisfy their need for a feeling of control (Colarelli & Thompson, 2008). 

Kawaguchi (2021) has taken a look at how adding an input variable - in this case the predictions 

made by the subjects - to an algorithm’s forecasting process influences algorithm aversion. We 

draw on this approach and examine how an opportunity to influence the algorithmic input affects 

the willingness to use the algorithm. In contrast to previous studies, we give our subjects the 

possibility to influence the weighting of an input factor. In this way we are testing an alternative 

approach to the reduction of algorithm aversion without influencing the algorithmic output. We 

do not want to deceive the subjects and thus give them – in the form of this input factor – the 

opportunity to exert an actual influence on the design of the forecasting computer. In this way, 

the subjects are given freedom to act in a limited way, which actually leads to slight differences 

in how the algorithm works. We ask ourselves whether a general possibility to influence the 

algorithmic process is sufficient in order to reduce algorithm aversion, or whether an opportunity 

to influence the results themselves is necessary. We thus examine whether an opportunity to 

influence the design of the algorithm (algorithmic input) can contribute towards a similar 

decrease in algorithm aversion as the opportunity to influence the algorithmic output. Hypothesis 

3 is: The proportion of decisions in favor of the algorithm will be significantly higher in Treatment 

3 (opportunity to influence the algorithmic input) than in Treatment 1 (no influence possible). 

Null hypothesis 3 is therefore: The proportion of decisions in favor of the algorithm will not be 

significantly higher in Treatment 3 (opportunity to influence the algorithmic input) than in 

Treatment 1 (no influence possible). 

3. Results

This economic experiment is carried out between 17-27 March 2021 in the Ostfalia Laboratory of 

Experimental Economic Research (OLEW) with students of the Ostfalia University of Applied 

Sciences in Wolfsburg. In 51 sessions, a total of 157 subjects take part in the experiment. 118 

subjects (75.16%) are male, and 39 subjects (24.84%) are female. The subjects are distributed 

across the faculties as follows: 66 subjects (42.04%) study at the Faculty of Vehicle Technology, 

56 subjects (35.67%) at the Faculty of Business, 9 subjects (5.73%) at the Faculty of Health Care 

and a further 26 subjects (16.56%) at other faculties based at other locations of the Ostfalia 

University of Applied Sciences. Their average age is 23.6 years.  
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The experiment is programmed with z-Tree (cf. Fischbacher, 2007). In the Ostfalia Laboratory for 

Experimental Economic Research (OLEW) there are twelve computer workplaces. However, only 

a maximum of four are used per session. This ensures that in line with the measures to contain 

the Covid-19 pandemic a considerable distance can be maintained between the subjects. The 

workplaces in the laboratory are also equipped with divider panels, which makes it possible to 

completely separate the subjects from each other. The experiments are constantly monitored by 

the experimenter so that communication between the subjects and the use of prohibited aids 

(such as smartphones) can be ruled out. Overall a total of 51 sessions with a maximum of four 

subjects per session are carried out. A session lasts an average of 30 minutes.  

The 157 participants are divided up evenly over the three treatments, so that 52 subjects carry 

out Treatments 1 and 2, and 53 subjects carry out Treatment 3. The distribution of the subjects 

among the three treatments has similarities to their distribution among the faculties as well as to 

their gender.  

The results show that the various possibilities to influence the forecasting process lead to 

different decisions on the part of the subjects. In Treatment 1 (no influence possible), 44.23% of 

the subjects opt for the use of the algorithm. The majority of the subjects here (55.77%) put their 

faith in their own forecasting abilities. In Treatment 2 (opportunity to influence the algorithmic 

output) on the other hand, 69.23% of the subjects decide to use the forecasting computer and 

30.77% of the subjects choose to use their own forecasts. In Treatment 3 (opportunity to 

influence the algorithmic input), 58.49% of the subjects decide to use the forecasting computer 

and 41.51% of the subjects choose to use their own forecasts (Figure 2). 

Figure 2: Comparison of the decisions in favor of the algorithm or the subjects’ own forecasts 

per treatment 

Overall, 67 subjects (42.68%) decide against using the algorithm. In our study too, the 

phenomenon of algorithm aversion in the field of share price forecasts shows itself (Önkal et al., 

2009; Castelo, Bos & Lehman, 2019). Null hypothesis 1 thus clearly has to be rejected. Slightly 

more than two fifths of the subjects are affected by the phenomenon of algorithm aversion and 
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thus miss out on a higher average payment. The significance of this result is confirmed by the Chi-

square goodness of fit test (𝛘² (n = 157) = 28.59, p ≤ 0.001). 

We subject the distribution of the participants among the individual treatments to the Chi-square 

test. Whereas in Treatment 1 a total of 44.23% of the decisions are in favor of the algorithm, 

69.23% of the subjects who can make changes to the algorithmic output (Treatment 2) decide to 

use the forecasting computer (𝛘² (n = 104) = 6.62, p ≤ 0.010). Null hypothesis 2 thus has to be 

rejected; the opportunity to modify the algorithmic output by up to +/- €5 leads to the subjects 

selecting the forecasting computer significantly more frequently to determine their payment. 

When subjects are given the opportunity to influence the algorithmic input (Treatment 3), the 

majority of the subjects – 58.49 percent – choose to use the forecasting computer (𝛘² (n = 105) = 

2.14, p ≤ 0.144). Nevertheless, null hypothesis 3 is not rejected. The possibility to influence the 

algorithmic input (via the extent to which the influencing factor D is taken into account) does not 

lead to the subjects selecting the forecasting computer significantly more often as the basis for 

their performance-related payment. 

On average across all three treatments, the subjects obtain a payment of €9.57. However, there 

are differences in the amounts of the payment depending on the strategy chosen (Figure 3). 

Subjects who choose their own forecasts achieve an average total payment of €8.94. When the 

algorithm is chosen, the average payment in all three treatments is between €9.99 and €10.11. 

The Wilcoxon rank-sum test shows that the average payment – regardless of the treatment – is 

significantly higher if the algorithm is used as the basis of the forecasts (T1: z = 4.27, p ≤ 0.001; 

T2: z = 3.25, p ≤ 0.001; T3: z = 5.27, p ≤ 0.001). No matter which treatment is involved, it is thus 

clearly in the financial interests of the subjects to put their faith in the algorithm.  

Figure 3: Average payment in the three treatments depending on the strategy chosen when 

making the forecasts (own forecast or delegation to the algorithm)  

The 67 subjects who, regardless of which treatment they are in, use their own forecasts as the 

basis of their payment, diverge by an average of €18.28 from the actual share price and thus 

achieve an average bonus of €0.49 per round of forecasting. Subjects who decide to use the 

forecasts of the forecasting computer exhibit a lower average forecasting error independently of 
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which treatment they are in. The average bonus and the average payment of the subjects who 

use the forecasting computer are also higher than that of subjects who rely on their own 

forecasting abilities (Table 3). 

Table 3: Performance of the subjects in relation to their chosen strategy when making their 

forecasts (own forecasts or delegation to the algorithm) 

n 
Ø Forecast
error [€]*

Ø Bonus per
round [€]

Ø Total
payment [€] 

Own forecasts 67 18.2776 0.4939 8.94 

Forecasts by the algorithm without the 
opportunity to influence it (Treatment 1) 

23 13.4000 0.6000 10.00 

Forecasts by the algorithm with an 
opportunity to influence the output 
(Treatment 2) 

36 13.5167 0.5992 9.99 

Forecasts by the algorithm with an 
opportunity to influence the input 
(Treatment 3) 

31 13.2968 0.6106 10.11 

Total 157 15.4879 0.5566 9.57 

* Ø Deviation between the forecasted share price and the actually occurring share price

In Treatment 2, the subjects are given the opportunity to adapt the algorithmic output in each 

round of forecasting by up to +/- €5. The subjects do not fully exploit the scope granted to them 

to exert an influence on the algorithm and make an average change to the algorithmic forecast 

of €2.11. In Treatment 3 the subjects are given a one-off opportunity via the influencing factor D 

(sentiment) to exert an influence on the design of the algorithm (input). Eight subjects select 

variant D1, which takes sentiment into account to a minor extent. Eleven subjects choose to take 

sentiment into account to a moderate extent, seven to a considerable extent, and five to a great 

extent. 

If the results are viewed in isolation, a similar picture is revealed. Regardless of whether subjects 

use their own forecasts or the forecasts of the forecasting computer to determine their payment, 

the average forecast error in Treatment 1 (no influence possible) is higher than in the other two 

treatments, which offer the subjects the opportunity to influence the algorithm. Whereas the 

forecasts in Treatment 1 deviate by an average of €16.18 from the resulting share price, the 

average forecast error in Treatment 2 is €15.14 and €15.15 in Treatment 3. That those subjects 

who are given the opportunity to influence the algorithm are more successful is shown by their 

average bonus and higher average overall payment (Table 4).  
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Table 4: Comparison of the performance of the subjects across all three treatments 

n 
Ø Forecast
error [€]*

Ø Bonus per
round [€]

Ø Total
payment [€] 

No influence possible 
(Treatment 1) 

52 16.1788 0.5423 9.42 

Influence on the algorithmic output 
(Treatment 2) 

52 15.1442 0.5677 9.68 

Influence on the algorithmic input 
(Treatment 3) 

53 15.1472 0.5598 9.60 

Total 157 15.4879 0.5566 9.57 

* Ø Deviation between the forecasted share price and the actually occurring share price

4. Discussion

Algorithm aversion is characterized by the fact that it mostly occurs when algorithms recognizably 

do not function perfectly (Dietvorst, Simmons & Massey, 2015). Even when it is recognizable that 

the algorithm provides significantly more reliable results than humans (lay persons as well as 

experts), many subjects are still reluctant to trust the algorithm (Dietvorst, Simmons & Massey, 

2018). In our study too, the forecasts of the computer (algorithm) are far from perfect, and the 

majority of users choose not to use the forecasting computer if there are no opportunities to 

influence the programme’s decision-making process. 

Nevertheless, the results show that subjects who are granted an opportunity to influence the 

algorithmic input or output are more successful on average than subjects who do not have this 

opportunity. This is because they make the algorithm into the basis for their payment more 

frequently, and it can be viewed as the success which comes from a reduction in algorithm 

aversion. On the other hand, forecasters who trust in their own forecasts not only make less 

accurate forecasts overall; they also obtain lower payment for their efforts (Table 3 and Table 4). 

It can also be seen that the forecasts of the forecasting computer after the changes made to the 

algorithm by the subjects in Treatments 2 and 3 are almost equally successful to those made 

without this possibility in Treatment 1 (Table 3). However, the subjects in Treatment 1 (no 

opportunity to influence the algorithm) put their faith in the forecasting computer relatively 

seldom and thus reduce their bonus and their overall payment. 

In Treatment 2 (opportunity to influence the algorithmic output), we replicate the results of 

Dietvorst, Simmons and Massey (2018). In our study too, the forecasters tend to rely on the 

forecasting computer significantly more often if they have at least a small opportunity to 

influence the algorithmic output. Even though the subjects do not fully exploit this opportunity 

to make modifications, it does lead to them being more successful overall, to them making less 

errors on average, and to them achieving a higher bonus than subjects who are not given the 

chance to influence the algorithm (Treatment 1) (Table 4). This is not because they make better 

forecasts - they simply use the (superior) algorithm more frequently. 
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In Treatment 3 (opportunity to influence the algorithmic input) we obtain similar results. The 

possibility of influencing the algorithmic input also seems to be suited to reducing algorithm 

aversion. Nevertheless, the differences in comparison to Treatment 1 are not statistically 

significant. It is the chance to exert a minor influence on the algorithmic output which reduces 

algorithm aversion tremendously (Dietvorst, Simmons & Massey, 2018). We ask ourselves 

whether this major reduction in algorithm aversion is due to the fact that the subjects can 

exercise an influence on the process of algorithmic decision-making in general, or only because 

they can influence its results. Here we can see that a general opportunity to influence the 

algorithm is obviously not sufficient to significantly reduce algorithm aversion. Subjects want to 

retain control over the results and to have the final say in the decision-making process, even if 

this intervention is limited by considerable restrictions. 

Nevertheless, our study has interesting implications for real-life situations. The overall financial 

benefit can be maximized by influencing the algorithmic output. Decision-makers tend to trust an 

algorithm more if they can keep the upper hand in the decision-making process. This even applies 

when the possibilities to exert an influence are limited. In our study, the average share price is 

€100 and the maximum amount by which the results can be adjusted is €5. This corresponds to 

just five percent of the average value of the subject of the forecast, and yet it suffices to 

significantly shift the grounds on which the decision is based in favor of the algorithm. The 

average quality of the forecasts is slightly reduced due to the changes made by the decision-

maker (Table 3), but this is over-compensated for by a significantly higher utilization rate of the – 

still clearly superior – algorithm, and in a comparison between the treatments this leads to a 

higher average total payment (Table 4). The opportunity to influence the algorithmic input has a 

similar effect with regard to the overall pecuniary benefit. The forecasts made after the subjects 

have made changes to the algorithm actually exhibit a slightly lower forecast error and a 

somewhat higher bonus. To a similar degree to which the subjects do not fully take advantage of 

the opportunity to influence the algorithmic output, they also fail to put their faith in the 

algorithm. Their average payment is nevertheless significantly higher than that of the subjects 

who cannot influence the algorithm. 

Our study also has some limitations which should be noted. We give the subjects a genuine 

opportunity to influence the algorithmic input. However, we also make it clear in the instructions 

that the influencing factor D, which can be taken into account to different degrees, only has a 

moderate influence on the formation of the share price. The influencing factors A, B and C, on 

the other hand, have a considerable influence. This circumstance could contribute towards the 

subjects not developing enough trust in their opportunity to influence the input and thus tending 

to rely on their own forecasts.  

Future research work may wish to investigate further possibilities to reduce algorithm aversion. 

This study has again shown that granting subjects the opportunity to influence the algorithmic 

output can effectively reduce algorithm aversion. However, there is a risk that the forecasting 

performance of the algorithm can deteriorate as a result of the modifications. For this reason, it 

is important to examine alternative forms of reducing algorithm aversion. Our study has shown 

that modifying the algorithmic input is only of limited use here. Opportunities to influence the 

algorithmic input cannot reduce algorithm aversion to the same extent as giving subjects the 

chance to influence the algorithmic output. We therefore recommend that further research be 
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carried out to search for other alternatives to reduce algorithm aversion. One possible approach 

could be to merely give users the illusion of having control over the algorithmic process. In this 

way, algorithm aversion could be decreased without a simultaneous reduction of the forecasting 

quality. 

5. Conclusion

In this study we carry out an experiment to investigate in which ways algorithm aversion can be 

reduced. It is a well-known fact that providing subjects with an opportunity to influence the 

algorithmic output is a suitable means of significantly reducing algorithm aversion. We examine 

whether providing a possibility to influence the algorithmic input also contributes towards 

decreasing algorithm aversion. 

In our experiment, the subjects are asked to make forecasts of share prices. In return, they receive 

a performance-related payment which increases in line with the precision of their share price 

forecasts. In three treatments the subjects have a forecasting computer (algorithm) available to 

them whose forecasts deviate by a maximum of €15 from the actual share price in 7 out of 10 

cases. In this way they can earn a bonus of at least €0.60 per forecast. The maximum possible 

payment per forecast is €1.20. The predictions of the forecasting computer are thus by no means 

perfect. In Treatment 1 we do not grant the subjects any opportunity to influence the forecasting 

process. In Treatment 2, on the other hand, the subjects are able influence the algorithmic 

output, and in Treatment 3 they can influence the algorithmic input.  

In agreement with the literature on algorithm aversion, we establish that even a considerably 

limited opportunity to influence the algorithmic output is able to reduce algorithm aversion 

significantly.  However, being able to influence the algorithmic input does not lead to a significant 

reduction in algorithm aversion. Granting subjects a general possibility to influence the 

algorithmic decision-making process is therefore not a crucial factor in reducing algorithm 

aversion. What does lead to a significantly higher rate of using the forecasting computer, 

however, is the opportunity to influence the algorithmic output. This remains true even when the 

opportunity to influence the programme is only a minor one. Subjects want to have the upper 

hand over the algorithm and to have the final say in the decision-making process.   

Nevertheless, we note that the overall financial benefit to the subjects can be increased via the 

opportunity to influence the algorithmic input. Regardless of whether an opportunity to influence 

the algorithmic input or output is granted, on average the forecasts exhibit similar forecast errors 

and similar levels of bonuses per round of forecasting. Overall, the subjects achieve a higher 

payment. If they have the opportunity to influence the algorithmic output, this effect is 

reproduced even more strongly than in relation to the algorithmic input, given that in the former 

the proportion of decisions in favor of the algorithm is highest.  
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Appendix A: Instructions for the game 

Appendix A.1: Instructions for the game in Treatment 1 (no opportunity to influence the 

algorithm) 

The game 

In this game you are requested to make forecasts on the future trend of a share price. You will 

forecast the price movements of a share (share Z) in 10 periods.  

The price of share Z is always the result of four influencing factors (A, B, C and D) and a random 

influence (Ɛ). The influencing factors are announced before every round of forecasting. In 

addition, you receive an insight into the past development of the share price, the influencing 

factors and the random influence in the last ten periods. 

The influencing factors A, C and D have a positive effect on the share price. This means that when 

these influencing factors rise, the share price will also tend to rise (Table A-1). 

The influencing factor B has a negative effect on the share price. This means that when the 

influencing factor B rises, the share price will tend to fall (Table A-1). 

Table A-1: Influencing factors in the formation of the share price (Treatment 1) 1 

Influencing factor Influence Strength of the influence 

A Positive Strong 

B Negative Strong 

C Positive Strong 

D Positive Medium 

The random influence Ɛ has an expected value of 0, but it can lead to smaller or larger deviations 

of the share price from the level which the influencing factors would suggest.  

You can choose whether your own share price forecasts or the share price forecasts of a 

forecasting computer (algorithm) are used to determine your payment. Regardless of your choice, 

you will make your own share price forecasts.  

You will receive a show-up fee of €4 for participating. In addition, you receive a performance-

related payment: the more accurate your share price forecasts are, the higher your payment. For 

each forecast made, you receive… 

1 In the original instructions, this table was referred to as "Table 1." 
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• €1.20 in the case of a deviation of a maximum of €5 of the forecast from the actual share

price;

• €0.90 in the case of a deviation of a maximum of €10 of the forecast from the actual share

price;

• €0.60 in the case of a deviation of a maximum of €15 of the forecast from the actual share

price;

• €0.30 in the case of a deviation of a maximum of €20 of the forecast from the actual share

price.

In the past, the share price forecasts of the algorithm have achieved a payment of at least €0.60 

per forecast in 7 out of 10 cases. 

Procedure 

After reading the instructions and answering the test questions, you initially choose whether your 

own share price forecasts or the forecasts of the forecasting computer (algorithm) are used to 

determine your payment. 

Following this, you will see the price history of share Z, the trend of the influencing factors and 

the trend of the random influence Ɛ in the last ten periods. In addition, you will receive the 

influencing factors for the next period. You will be asked to forecast the trend of the share price 

in the next period.  

After making your share price forecast you will see the actual price of share Z. Following this, you 

will hand in your share price forecasts for the next period. A total of ten rounds are played.  

You have a time limit of two minutes available for handing in each share price forecast.  

Information 

• Please remain quiet during the experiment!

• Please do not look at your neighbor’s screen!

• Apart from a pen/pencil and a pocket calculator, no other aids are permitted (smartphones,

smart watches etc.).

• Only use the sheet of white paper issued to you for your notes.
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Appendix A.2: Instructions for the game in Treatment 2 (opportunity to influence the 

algorithmic output) 

The game 

In this game you are requested to make forecasts on the future trend of a share price. You will 

forecast the price movements of a share (share Z) in 10 periods.  

The price of share Z is always the result of four influencing factors (A, B, C and D) and a random 

influence (Ɛ). The influencing factors are announced before every round of forecasting. In 

addition, you receive an insight into the past development of the share price, the influencing 

factors and the random influence in the last ten periods. 

The influencing factors A, C and D have a positive effect on the share price. This means that when 

these influencing factors rise, the share price will also tend to rise (Table A-2). 

The influencing factor B has a negative effect on the share price. This means that when the 

influencing factor B rises, the share price will tend to fall (Table A-2). 

Table A-2: Influencing factors in the formation of the share price (Treatment 2) 2 

Influencing factor Influence Strength of the influence 

A Positive Strong 

B Negative Strong 

C Positive Strong 

D Positive Medium 

The random influence Ɛ has an expected value of 0, but it can lead to smaller or larger deviations 

of the share price from the level which the influencing factors would suggest.  

You can choose the basis which is used to determine your payment: 

• Either you can forecast the future share price yourself and forego the use of a forecasting

computer (algorithm)

• Or you can use the forecasts of the forecasting computer. If you decide to use the forecasting

computer’s forecasts (algorithm), you are not bound to the exact forecast provided by the

computer. You can change the computer’s proposal by up to +/- €5.

2 In the original instructions, this table was referred to as "Table 1." 
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You will receive a show-up fee of €4 for participating. In addition, you receive a performance-

related payment: the more accurate your share price forecasts are, the higher your payment. For 

each forecast made, you receive… 

• €1.20 in the case of a deviation of a maximum of €5 of the forecast from the actual share

price;

• €0.90 in the case of a deviation of a maximum of €10 of the forecast from the actual share

price;

• €0.60 in the case of a deviation of a maximum of €15 of the forecast from the actual share

price;

• €0.30 in the case of a deviation of a maximum of €20 of the forecast from the actual share

price.

In the past, the share price forecasts of the algorithm have achieved a payment of at least €0.60 

per forecast in 7 out of 10 cases. 

Procedure 

After reading the instructions and answering the test questions, you initially choose which basis 

is used to determine your payment. You can forecast the future share prices without the help of 

the forecasting computer (algorithm). Or you can use the forecasts of the forecasting computer 

and change them by up to +/- €5. 

Following this, you will see the price history of share Z, the trend of the influencing factors and 

the trend of the random influence Ɛ in the last ten periods. In addition, you will receive the 

influencing factors for the next period. You will be asked to forecast the trend of the share price 

in the next period.  

After making your share price forecast you will see the actual price of share Z. Following this, you 

will hand in your share price forecasts for the next period. A total of ten rounds are played.  

You have a time limit of two minutes available for handing in each share price forecast.  

Information 

• Please remain quiet during the experiment!

• Please do not look at your neighbor’s screen!

• Apart from a pen/pencil and a pocket calculator, no other aids are permitted (smartphones,

smart watches etc.).

• Only use the sheet of white paper issued to you for your notes.
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Appendix A.3: Instructions for the game in Treatment 3 (opportunity to influence the 

algorithmic input) 

The game 

In this game you are requested to make forecasts on the future trend of a share price. You will 

forecast the price movements of a share (share Z) in 10 periods.  

The price of share Z is always the result of four influencing factors (A, B, C and D) and a random 

influence (Ɛ). The influencing factors are announced before every round of forecasting. In 

addition, you receive an insight into the past development of the share price, the influencing 

factors and the random influence in the last ten periods. 

The influencing factors A, C and D have a positive effect on the share price. This means that when 

these influencing factors rise, the share price will also tend to rise (Table A-3). 

The influencing factor B has a negative effect on the share price. This means that when the 

influencing factor B rises, the share price will tend to fall (Table A-3). 

Table A-3: Influencing factors in the formation of the share price (Treatment 3) 3 

Influencing factor Influence Strength of the influence 

A Positive Strong 

B Negative Strong 

C Positive Strong 

D Positive Medium 

The random influence Ɛ has an expected value of 0, but it can lead to smaller or larger deviations 

of the share price from the level which the influencing factors would suggest.  

You can choose whether your own share price forecasts or the share price forecasts of a 

forecasting computer (algorithm) are used to determine your payment. Regardless of your choice, 

you will make your own share price forecasts.  

If you decide to use the forecasting computer’s forecasts (algorithm), you have the opportunity 

to influence the design of the algorithm.  

As mentioned above, the influencing factor D also has an effect on the formation of the price 

alongside the influencing factors A, B and C. The influencing factor D is the sentiment of capital 

market participants. The influencing factor D can be taken into account to differing extents (D1, 

3 In the original instructions, this table was referred to as "Table 1." 
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D2, D3 or D4) (Figure A-1). You decide which of these four variants should be taken into account 

by the forecasting computer (algorithm).   

Figure A-1: Variants of the influencing factor D (sentiment) 4 

You will receive a show-up fee of €4 for participating. In addition, you receive a performance-

related payment: the more accurate your share price forecasts are, the higher your payment. For 

each forecast made, you receive… 

• €1.20 in the case of a deviation of a maximum of €5 of the forecast from the actual share

price;

• €0.90 in the case of a deviation of a maximum of €10 of the forecast from the actual share

price;

• €0.60 in the case of a deviation of a maximum of €15 of the forecast from the actual share

price;

• €0.30 in the case of a deviation of a maximum of €20 of the forecast from the actual share

price.

In the past, the share price forecasts of the algorithm have achieved a payment of at least €0.60 

per forecast in 7 out of 10 cases. 

Procedure 

After reading the instructions and answering the test questions, you initially choose whether your 

own share price forecasts or the forecasts of the forecasting computer (algorithm) are used to 

determine your payment. 

Following this, you will see the price history of share Z, the trend of the influencing factors and 

the trend of the random influence Ɛ in the last ten periods. In addition, you will receive the 

4 In the original instructions, this figure was referred to as "Figure 1." 
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influencing factors for the next period. You will be asked to forecast the trend of the share price 

in the next period.  

After making your share price forecast you will see the actual price of share Z. Following this, you 

will hand in your share price forecasts for the next period. A total of ten rounds are played.  

You have a time limit of two minutes available for handing in each share price forecast.  

Information 

• Please remain quiet during the experiment!

• Please do not look at your neighbor’s screen!

• Apart from a pen/pencil and a pocket calculator, no other aids are permitted (smartphones,

smart watches etc.).

• Only use the sheet of white paper issued to you for your notes.
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Appendix B: Test questions 

Test question 1: For how many periods should a share price forecast be made? 

a) 5.

b) 10. (correct)

c) 15.

Test question 2: On which influences is the share price dependent? 

a) Influencing factors A and B as well as the random influence.

b) Influencing factors A, B and C as well as the random influence.

c) Influencing factors A, B, C and D as well as the random influence. (correct)

Test question 3: Which alternatives do you have when submitting your forecast? 

a) I can only submit my own forecasts.

b) I can either submit my own forecasts or use a forecasting computer (algorithm).

(correct)

c) I can either submit my own forecasts, use a forecasting computer or consult a financial

expert.

Test question 4: How much is the payment for a forecast which deviates no more than €15 from 

the actual price? 

a) €1.20.

b) €0.90.

c) €0.60. (correct)
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Appendix C: Screens 

Figure A-2: Screen when submitting one’s own forecasts (Treatments 1, 2 and 3) 
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Figure A-3: Screen when influencing the algorithmic forecast (Treatment 2) 
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Figure A-4: Screen during the configuration of the algorithm (Treatment 3) 
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Appendix D: The functioning of the algorithm 

The mechanism with which the share price is formed functions as follows: 

𝐾𝑡 = 7𝐴 −  6𝐵 +  5𝐶 +  2𝐷 +  Ɛ 

The level of the influencing factors A, B, C and D are announced before every round of forecasting. 

The level of the random influence is not announced. What is known, however, is that the random 

influence has an expected value of 0. In every round, the algorithm inserts the values of the four 

influencing factors A, B, C and D into the formula for the formation of the price. Due to the fact 

that the subjects can influence the algorithmic input, the weighting of the influencing factor D 

can diverge somewhat in Treatment 3. For the random influence, the algorithm sets the expected 

value at €0. The result of this equation is the forecast of the algorithm Pt (see Table A-4). In period 

1, the algorithm calculates as follows: 

𝑃1 =  7 × 14 −  6 × 5 +  5 × 5 +  2 × 2 +  0 = 97 

For the calculation of the actual price, the random influence also has an effect. In period 1 it has 

a value of €+14. The actual price is thus calculated as follows: 

𝐾1 = 7 × 14 −  6 × 5 +  5 × 5 +  2 × 2 +  14 = 111 

The difference between the actual share price K and the forecast of the algorithm P is the forecast 

error. This determines the amount of the bonus of the current forecasting round as described in 

accordance with the formula described in Table 2. For a forecast whose forecast error lies within 

the interval 10 < │Kt - Pt │ ≤ 15 for example, there is a bonus of €0.60. 

Table A-4: Illustration of the modus operandi of the algorithm, how the share price is formed, 

and the calculation of the bonus  

Period 
Influencing 

 factors 
Forecast of 
algorithm Pt 

Random 
influence 

Actual 
price Kt 

Forecast 
error 

Bonus 

A B C D 

1 14 5 5 2 €97 +€14 €111 €14 €0.60 

In practice one can see that perfect share price forecasts are not possible, even with knowledge 

of the most important influencing factors. On the contrary: share price trends have a number of 

similarities with random processes. This circumstance is taken into account by introducing the 

random influence. The random influence has the effect that the algorithm cannot make perfect 

forecasts. The forecast error of the algorithm thus corresponds to the random influence. 
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In this economic experiment, the random influence consistently lies within the interval -€30 ≤ Ɛ ≤ 

€30. It is always a whole number without decimal places. The exact distribution is described in 

Table A-2. The area -€15 ≤ Ɛ ≤ €15 (grey background) has a cumulative probability of 70%. For a 

forecast with a maximum forecasting error of €15 there is a payment of €0.60. In this way it can 

be ensured – as stated in the instructions – that the forecasts of the algorithm lead to a payment 

of at least €0.60 in 70% of cases. 

Table A-2: Distribution of the random influence, which has an effect on the share price 

Level of the random influence Probability 

-€30 ≤ Ɛ ≤ -€21 and €21 ≤ Ɛ ≤ €30 5% each (10%) 

-€20 ≤ Ɛ ≤ -€16 and €16 ≤ Ɛ ≤ €20 10% each (20%) 

-€15 ≤ Ɛ ≤ -€11 and €11 ≤ Ɛ ≤ €15 20% each (40%) 

-€10 ≤ Ɛ ≤ -€6 and €6 ≤ Ɛ ≤ €10 10% each (20%) 

-€5 ≤ Ɛ < €0 and €0 ≤ Ɛ ≤ €5 5% each (10%) 

As the level of the random influence is not known when handing in a forecast, the optimal 

strategy is to insert the values of the influencing factors A, B, C and D into the formula for the 

price formation mechanism and to assume an expected value of 0 for the random influence. This 

is precisely what the algorithm does. With the information available, it is thus not possible to 

make better forecasts than the algorithm.  

When they make their own forecasts, the subjects also have the additional disadvantage that 

they do not know the exact formula for the price formation mechanism. They can only create an 

approximate picture of the price formation mechanism on the basis of examples of rounds of the 

game for which no payments were made (price history). For this purpose they are provided with 

the exact level of the share price, the influencing factors A, B, C and D as well as the random 

influence from ten previous rounds. From this information it is also already clear that making 

naïve forecasts – i.e., using the current price Kt without adaptation as a forecast for the following 

period Pt+1 – and continuously forecasting the average price of the last ten rounds are not 

promising approaches. 

Given the advantage which the algorithm has in terms of information, there is thus no reason to 

presume that the subjects could succeed in making better forecasts. In effect they achieve an 

average total payment of €8.94 with their approach. They are thus clearly behind the payment of 

€10.03 obtained with the algorithm (p-value Wilcoxon rank-sum test ≤ 0.001). Decisions against 

using the algorithm can thus be considered to be algorithm aversion. 
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Chapter V – Impact of the Decoy Effect on Algorithm Aversion 

Abstract 

Limitations in the human decision-making process restrict the technological potential of 

algorithms, which is also referred to as "algorithm aversion." This study uses a laboratory 

experiment with test subjects to investigate whether a phenomenon known since 1982 as the 

"decoy effect" is suitable for reducing algorithm aversion. For numerous analog products, such as 

cars, drinks, or newspaper subscriptions, the decoy effect is known to have an immense influence 

on human decision-making behavior. Surprisingly, the decisions between forecasts by humans 

and robo-advisors (algorithms) investigated in this study are not affected by the decoy effect at 

all. This is true both a priori and after observing forecast errors. 
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1. Introduction

Considerable progress in the field of artificial intelligence (AI) is currently paving the way for 

numerous promising business models. However, many people have reservations about the 

automated processes they rely on. These reservations are also referred to as "algorithm aversion" 

(Mahmud et al., 2022; Burton, Stein & Jensen, 2020; Jussupow, Benbasat & Heinzl, 2020). 

Algorithms or AI that work with stochastic processes cannot make exclusively accurate 

predictions, e.g., about the development of capital markets. As soon as users realize this, they 

often distrust the technology and refrain from using it (Dietvorst, Simmons & Massey, 2015). This 

problem also occurs when users must decide whether to trust an algorithm or their own 

judgment. Many users tend to trust themselves even when there is clear evidence that they are 

unlikely to make better predictions than an algorithm in the long run (Burton, Stein & Jensen, 

2020). 

Algorithm aversion means that promising technologies do not succeed in the market as one 

would expect, given their performance and cost advantages. In finance, for example, many users 

find it difficult to develop trust in automated asset managers, so-called "robo-advisors," even 

though their use can help avoid costly mistakes (Back, Morana & Spann, 2021). To mitigate this 

issue, measures to reduce algorithm aversion need to be identified and taken. 

An experimental study focusing on this topic investigates what happens when users are given the 

possibility to manipulate an algorithm’s output. Dietvorst, Simmons & Massey (2018) give some 

subjects the ability to adjust an algorithm's predictions downward or upward by a few percent in 

post-processing. This ability to influence an algorithm significantly increases willingness to use. 

Interestingly, the effect occurs even when the opportunities for adjustment are kept low. The 

article suggests that algorithm aversion can be mitigated by giving people opportunities to 

influence the algorithm's predictions, even if only to a limited extent (Dietvorst, Simmons & 

Massey, 2018). 

Other studies have identified shortening response times (Efendić, Van de Calseyde & Evans, 2020) 

or making the algorithm take into account the predictions of knowledgeable humans (Kawaguchi, 

2021), among others, as measures by which algorithm aversion can be reduced. In addition, a 

more precise representation of the algorithmic output, e.g., by adding additional decimal places 

(Kim, Giroux & Lee, 2021) or providing information about the procedure and accuracy of an 

algorithm (Ben David, Resheff & Tron, 2021) also seem to be suitable for this purpose. 

However, the listed measures reduce algorithm aversion only to a limited extent. Moreover, 

many of them include the risk that the prediction quality of the algorithm decreases after human 

influence (cf. Kawaguchi, 2021; Dietvorst, Simmons & Massey, 2018). Consequently, it remains 

an important research task to uncover effective ways to reduce algorithm aversion that do not 

involve degradation of the algorithm's prediction quality. 

Therefore, this study takes up an idea of Huber, Payne & Puto (1982), who studied the human 

decision-making process under uncertainty using economic experiments. Their study shows that 

the possibility of comparing multiple options can massively influence the human decision-making 

process. Under certain circumstances, an option finds significantly greater appeal if a comparable 
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but recognizably inferior option is added. This phenomenon is also known as the "decoy effect" 

(see chapter 2.1). In numerous replications, the decoy effect has been shown to cause subjects 

to change their decision behavior when choosing between different consumer goods (Ariely & 

Wallsten, 1995), services (Park & Kim, 2005), and even lotteries (Kroll & Vogt, 2012; Herne, 1999). 

These findings suggest that the decoy effect may have an impact on other decision-making 

situations as well. 

In previous studies on algorithm aversion, decision makers were usually provided with only one 

algorithm, which they could either rely on or refrain from using (e.g., Dietvorst, Simmons & 

Massey, 2015). As technology advances, the transferability of this experimental design to practice 

decreases. In fact, in practice we can already choose between several algorithms that differ in 

their performance for many tasks, not least asset management.  

The possibility to choose between several algorithms could lead to a decoy effect whenever one 

algorithm is obviously better than another in at least one criterion and not worse than that same 

algorithm in any other criterion. In this case, the objectively superior algorithm would gain 

additional attractiveness from the user's point of view, even compared to alternative methods in 

which no algorithm is used. 

The great advantage of this approach over measures already identified for reducing algorithm 

aversion is that the superior algorithm would not have to be manipulated at all. This means that 

the willingness of decision makers to use the algorithm could be increased without having to 

compromise the performance or user-friendliness of the algorithm. Therefore, in this study, an 

economic experiment will be conducted to investigate whether the decoy effect can be used to 

reduce algorithm aversion. The influence of the decoy effect on the willingness to use an 

algorithm is investigated both from the outset and after observing errors in the algorithm. 

2. Literature overview

2.1 Decoy effect 

The decoy effect (or asymmetric dominance effect) was first discovered about 40 years ago. In an 

economic experiment, Huber, Payne & Puto (1982) let 150 students choose between different 

cars, restaurants, types of beer, lotteries, movies, and TVs. They found that the addition of a so-

called decoy, which is comparable to and clearly inferior to the offer referred to as the target, can 

lead to the target being selected significantly more often than a third option, the so-called 

competitor. 

The decoy effect is illustrated by Ariely (2009) using the example of subscription offers of the 

magazine "The Economist." The author divides 200 students into two groups (conditions) and 

asks them each to estimate which newspaper subscription they would choose if they had to 

decide between several offers. In the first condition (control), students can choose between the 

"Digital" ($59) and "Print + Digital" ($125) offers. It turns out that 68 students prefer the "Digital" 

offer and the remaining 32 study participants prefer the "Print + Digital" offer. If these 100 
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students actually took out the subscriptions, this would result in total revenue of $8,012 for The 

Economist (see Table 1). 

Table 1: Distribution in the control group in Ariely (2009) 

Offer Digital Print + Digital 

Price $59 $125 

Number of buyers 68 32 

Volume of sales per offer $4,012 $4,000 

Total volume of sales $8,012 

In the second condition (decoy), the offer "Print" ($125) is added to the already known offers 

"Digital" ($59) and "Print + Digital" ($125). Although the "Print" offer is not selected even once, it 

has a massive influence on the theoretically achieved sales of "The Economist." In the second 

group, only 16 students choose the "Digital" offer, while 84 students prefer the "Print + Digital" 

offer. The total revenue would now be $11,444 (see Table 2). 

Table 2: Distribution under the influence of the decoy effect in Ariely (2009) 

Offer Digital Print + Digital Print 

Price $59 $125 $125 

Number of buyers 16 84 0 

Volume of sales per offer $944 $10,500 $0 

Total volume of sales $11,444 

The "Print" offer is added in the second condition to steer decision-making behavior towards the 

"Print + Digital" offer. In this context, it is therefore referred to as the decoy, while the "Print + 

Digital" offer, which gains in popularity after the decoy is added, is called the target. The "Digital" 

offer is in turn the competitor of "Print." In this context, the target is also said to asymmetrically 

dominate the decoy. 

Ariely attributes the massive differences in choice behavior between the "Digital" and "Print + 

Digital" offers to the addition of the decoy "Print." In the first condition, students had to compare 

two options in which each choice offered a distinct advantage. The name of the "Print + Digital" 

option already suggests that this option offers additional consumption possibilities. However, it 

is obviously inferior to the "Digital" option in terms of price. The individual has to infer whether 

the added value in the "consumption possibilities" dimension of the "Print + Digital" option should 

be rated higher than the added value in the "price" dimension of the "Digital" option. Accordingly, 

the results of consumer preferences vary. 

In the second condition, the comparability of the "Print + Digital" and "Print" offers leads the 

subjects to apply a heuristic. Although here, too, all decisions are exclusively in favor of the 
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"Digital" and "Print + Digital" options, subjects replace the question of which of the two options 

is advantageous with a comparison of the "Print + Digital" and "Print" options. At the same price, 

the target "Print + Digital" clearly offers more consumption possibilities than the decoy "Print." 

Since the target is clearly superior to the decoy, its appeal is seemingly enhanced, and this also 

compared to the competitor "Digital," whose relative advantage over other options still cannot 

be determined. 

Park & Kim (2005) investigate whether the decoy effect works in the same way when two decoys 

are offered. In this case, the first decoy is only asymmetrically dominated by the target. It cannot 

be easily compared with the competitor. The second decoy, on the other hand, is asymmetrically 

dominated by both the target and the competitor. It turns out that, with two decoys involved, 

the target only gains in attractiveness if the participants are asked to first evaluate each of the 

four options for themselves. If they are asked to compare the options immediately, the decoy 

effect does not work as usual any longer. 

Frederick, Lee & Baskin (2014) raise the question of which measures are most effective in eliciting 

a decoy effect. They compare the effectiveness of three ways of presenting product dimensions: 

representation in numerical form, representation in pictorial form, and physical experience of the 

differences by the subjects themselves (e.g., through the sense of taste). They find that the decoy 

effect occurs only when the product dimensions are represented as written-down numbers, for 

example in the form of numerical ratings. Yang & Lynn (2014) also conclude that qualitative-

verbal descriptions as well as pictorial representations are not particularly well suited to create 

an asymmetric dominance effect. The two measures studied lead to significant decoy effects in 

only 11 of 91 comparisons across 23 different product classes. 

Crosetto & Gaudeul (2016) investigate the robustness of the decoy effect. For this purpose, they 

introduce the so-called "monetary indicator" as an additional dimension. The authors design the 

monetary indicator in such a way that selecting the target entails higher costs than selecting the 

competitor. They vary how much higher the cost of selecting the target is compared to the 

competitor. It turns out that the preference for the target remains as long as it is up to 8% more 

expensive than the competitor. 

Last but not least, the decoy effect has also been shown to have an impact on individuals' risk 

preference and social behavior. Kroll & Vogt (2012) let subjects choose between different types 

of lotteries. It is shown that adding a decoy in all cases leads to an increase in participants' risk 

taking. Wang et al. (2018) have their subjects play a modified form of the "Prisoner’s Dilemma" 

in which the third option "reward" is added as a decoy to the well-known options "cooperate" 

and "defect." It can be observed that the decoy leads to subjects cooperating significantly more 

often and thus also increases their average payoff compared to a control condition. 

2.2 Algorithm aversion 

Differences in the performance of algorithms and humans in dealing with similar tasks have been 

studied since the 1950s (Meehl, 1955). In recent years, the interaction between humans and 

algorithms has been examined more closely, as automated algorithmic activity increasingly 
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shapes online information and economic systems. In an experimental study, Önkal et al. (2009) 

find that the same recommendations are followed to a lesser extent when subjects are led to 

believe that they come from an algorithm than when they are told that the recommendations 

come from a competent human. 

Six years later, Dietvorst, Simmons & Massey (2015) find that errors by an algorithm lead to a 

greater loss of confidence than errors by a human. Their subjects can delegate a prediction task 

to either an algorithm or a human. The subjects who were able to watch the algorithm commit 

errors in trial rounds showed an increasingly dismissive attitude towards the algorithm in the 

subsequent compensated rounds. To describe this phenomenon, the term "algorithm aversion" 

was coined. Nowadays, the term is used both to generalize humans' rejection of algorithms and 

to describe the dramatic diminishment of human trust in algorithmic efficiency upon observing 

the errors of an algorithm (Filiz et al., 2021a). 

Further studies have shown that algorithm aversion is equally observable in different disciplines, 

such as law (Ireland, 2020), asset management (Niszczota & Kaszás, 2020), medicine (Lennartz et 

al., 2021), or poetry (Köbis & Mossink, 2021). Its extent nevertheless seems to depend on the 

context of the task settings (Filiz et al., 2021a; Castelo, Bos & Lehmann, 2019). 

Algorithm aversion can occur regardless of whether the users can execute a task themselves or 

delegate the task to another expert or layperson as opposed to entrusting the work solely to an 

algorithm (Germann & Merkle, 2020). Unrealistic expectations about the accuracy of an algorithm 

have been identified as one of the main causes of algorithm aversion (Rebitschek, Gigerenzer & 

Wagner, 2021). Respondents often assume the error rates of algorithms to be in ranges that are 

so low that they cannot be achieved in practice. This also partly explains why trust in algorithms 

drops so rapidly after erroneous predictions (Dietvorst, Simmons & Massey, 2015). 

Furthermore, it has been shown that decision makers have reservations about algorithms 

because, unlike humans, they do not trust them to learn over time and gradually improve their 

prognosis quality (Berger et al., 2021). Consistent with this is the finding that the so-called 

"uniqueness neglect" can also be a driver of algorithm aversion. Uniqueness neglect describes 

the phenomenon in which humans believe each meaningful decision is accompanied by unique 

circumstances and the intrinsic nature of the decision and surrounding context is unable to be 

grasped fully by an algorithm (Pezzo & Beckstead, 2020; Longoni, Bonezzi & Morewedge, 2019). 

Furthermore, humans tend to form stronger emotional bonds with fellow humans than with 

algorithms, which also leads them to  feel hesitant in solely trusting algorithms during 

collaborative sensemaking processes (Leyer & Schneider, 2019). 

Yeomans et al. (2019) also attribute algorithm aversion in part to an overestimation of people's 

own predictive abilities (overconfidence). By overestimating the likelihood of success when 

performing a task themselves, people also misjudge the value added by using an algorithm. It has 

been shown that learning effects, induced by repetitive tasks as well as clear feedback about 

one's own performance and that of an algorithm, can help to slightly reduce the aversion (Filiz et 

al., 2021b). Fittingly, algorithm aversion has been observed to decrease with increasing digital 

literacy of decision makers (Wang, Harper & Zhu, 2020), but to increase with increasing expertise 
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of decision makers in the field of the particular prediction task (Allen & Choudhury, 2022;

Gaube et al., 2021). 

In practice, algorithm aversion means that promising innovations based on the use of algorithms 

and AI do not establish themselves on the market as one would expect in view of their 

advantages. If algorithm aversion can be overcome, extensive cost savings or the development of 

new digital business models can be made possible. In recent years, therefore, research has 

increasingly been devoted to finding measures that are likely to increase decision-makers' 

confidence in technology and thus their willingness to use it (Ben David, Resheff & Tron, 2021; 

Kawaguchi, 2021; Kim, Giroux & Lee, 2021; Efendić, Van de Calseyde & Evans, 2020; Dietvorst, 

Simmons & Massey, 2018). However, the identified measures only reduce algorithm aversion to 

a small extent and also introduce new problems, such as a deterioration in prediction quality 

(Kawaguchi, 2021; Dietvorst, Simmons & Massey, 2018). 

2.3 Hypotheses 

The example of an investment experiment is used in order to investigate whether a decoy effect 

can influence the decision for or against the use of an algorithm. The experimental design of Ariely 

(2009) described in chapter 2.1 is transferred to the context of an investment decision with 

automated asset managers, so-called robo-advisors. In condition 1 (control), subjects can 

perform the investment task independently or delegate it to an algorithm with a success rate of 

70%. In condition 2 (decoy), subjects can perform the task independently, delegate to an 

algorithm with a success rate of 70%, or delegate to a second algorithm with a success rate of 

60%. The algorithm with a success rate of 70% will be referred to as "Robo-advisor A" or 

"Algorithm A" and the algorithm with a success rate of 60% will be referred to as "Robo-advisor 

B" or "Algorithm B." 

By adding the second algorithm, a decoy effect is produced (Figure 1). In this study, Algorithm A 

acts as the target. Algorithm B represents the decoy that could increase the attractiveness of the 

target (Algorithm A). The independent accomplishment of the prediction task by the subjects 

themselves is the competitor in this case. The experiment lasts ten rounds (see chapter 3.2). 

Prior research has shown that subjects tend to prefer human judgment over the advice of an 

algorithm (cf. e.g., Alemanni et al., 2020; Promberger & Baron, 2006). When deciding between 

algorithms and one's own judgment, this effect can be additionally amplified by an 

overestimation of one's own forecasting abilities, which is also referred to as "overconfidence" 

(cf. Filiz et al., 2021b). This is interesting insofar as the probability of achieving a result by human 

judgment that even comes close to that of a specialized algorithm is extremely low. In view of the 

previous research results, it can nevertheless be expected that in this study, too, a large 

proportion of the subjects will rely on their own performance of the task, irrespective of the 

advantages of the algorithm. 
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Figure 1: General design of the experiment 

Hypothesis 1 is: Not all subjects will choose to always use an algorithm. Null Hypothesis 1 is thus: 

All subjects will choose to use an algorithm in all of the rounds.  

The participants in condition 1 (control) must decide between the better-performing Robo-

advisor A with a success rate of 70% (target) and the independent asset management by 

themselves (competitor). In condition 2 (decoy), Robo-advisor B with a success rate of 60% is 

added as a decoy, which is comparable to Robo-advisor A and clearly inferior to it. 

From a purely mathematical point of view, the decision situation is identical in both cases. It only 

depends on whether the chances of success are estimated to be higher when performing the 

prediction task independently than when choosing Robo-advisor A. Robo-advisor B should not 

have any influence on the decisions of a subject acting as a strictly rational utility maximizer 

(Homo Oeconomicus) because of the lower probability of success. 

If the decoy effect sets in analogous to the form observed by Ariely (2009), the comparability of 

Robo-advisor A with Robo-advisor B with respect to the dimension "success rate" in the second 

condition will, however, lead to a significantly higher number of decisions in favor of delegation 

to the superior algorithm and against independent performance of the prediction task. 

Hypothesis 2 is: The proportion of decisions in favor of the target algorithm will be higher if 

another algorithm is introduced as a decoy. Null Hypothesis 2 is: The proportion of decisions in 

favor of the target algorithm will not be higher if another algorithm is introduced as a decoy. 
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A crucial aspect of algorithm aversion lies in the reaction to flawed predictions. As in this study, 

the subjects of Dietvorst, Simmons & Massey (2015) are faced with the choice whether to 

perform a prediction task independently or to delegate it to an algorithm. Some of the subjects 

have the opportunity to observe the algorithm in advance as it performs its task (and 

consequently, inevitably, as it commits errors). The authors investigate to what extent this 

influences the decision behavior of the subjects. They find that subjects who were able to observe 

the algorithm making inaccurate predictions actually rely significantly more often on their own 

judgment than on the algorithm in subsequent rounds, even though the algorithm still has the 

higher success rate. Interestingly, the effect does not occur to the same extent after observing 

unsuccessful predictions by a human. This finding is confirmed by Bogert, Schecter & Watson 

(2021), who also conclude that subjects are more sensitive to errors made by an algorithm than 

to errors made by a human. 

In this study, it will be investigated whether algorithm aversion following erroneous forecasts also 

occurs when multiple algorithms are available. Adding another algorithm in condition 2 (decoy) 

could lead to a weakening of the effect, since the subjects now have an additional alternative to 

choose from. Even if they no longer have sufficient confidence in the algorithm that made an 

inaccurate prediction, they do not necessarily have to abandon the use of algorithms altogether 

but can simply use the second algorithm. In addition, the resulting distrust in the algorithm could 

be weakened by the additional information that it is nevertheless a high-performing algorithm 

relative to the other algorithm. This would mean that the rejection of algorithms as decision-

making aids after an incorrect forecast is no longer so pronounced if several algorithms are 

available. 

Hypothesis 3 is therefore: The proportion of subjects who subsequently use an algorithm after an 

incorrect prognosis of an algorithm will be significantly higher in condition 2 (decoy) than in 

condition 1 (control). Null Hypothesis 3 is: The proportion of subjects who subsequently use an 

algorithm after an incorrect prognosis of an algorithm will not be significantly higher in condition 

2 (decoy) than in condition 1 (control). 

Based on this, the reaction to one's own inappropriate predictions could also vary if several 

algorithms are available as alternatives. In contrast to the study by Dietvorst, Simmons & Massey 

(2015), a broader range of options and additional information on relative performance could 

increase the willingness to abandon the initial rejection attitude of algorithms after experiencing 

the difficulty of a prognosis task firsthand. 

Hypothesis 4 is: The proportion of subjects who subsequently switch to an algorithm after making 

an incorrect prognosis themselves will be significantly higher in condition 2 (decoy) than in 

condition 1 (control). Null Hypothesis 4 is: The proportion of subjects who subsequently switch 

to an algorithm after making an incorrect prognosis themselves will not be significantly higher in 

condition 2 (decoy) than in condition 1 (control). 
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3. Experimental design

3.1 Participants 

To answer the research questions, an economic experiment is conducted with students of the 

Ostfalia University of Applied Sciences in Wolfsburg, Germany. A total of 160 students are taking 

part in the experiment in the university’s research laboratory between April 20, 2022 and April 

28, 2022. Each of the total of 28 sessions lasts approximately half an hour. The subjects appear 

concentrated during the experiment. They receive an average payment of €5.95, which seems to 

have created an effective incentive for meaningful decision-making. 

The subjects are on average 23.6 years old and in the fifth semester of their studies. For 123 

participants (78%), it is their first time partaking in an economic experiment, and the remaining 

37 participants (22%) have already engaged in other economic experimental studies. The subjects 

are equally divided into two groups: a treatment condition, in which a decoy is introduced, and a 

control condition. To avoid bias of the results, an equal distribution with respect to faculty and 

gender is taken into account (Figures 2 and 3). 

Figure 2: Distribution of the subjects' faculties in the conditions 

Figure 3: Distribution of the subjects’ genders in the conditions 
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3.2 Task 

The subjects have to cope with a task from the field of asset management. In the course of ten 

game rounds, each subject must decide whether to invest an allocated initial budget of 10 

experimental currency units (ECU) in the so-called "Z Share" or to save the budget. In each game 

round, subjects have to invest or save the full amount of 10 ECU. It is not possible to split the 

budget within a game round. At the end of the game, the accumulated profit in ECU from the 

individual game rounds is converted and paid out to the participants as compensation.  

The participants' goal is therefore to maximize their credit. To do this, in each of the ten rounds 

of the game, they can either manage their budget themselves or entrust it to a robo-advisor 

(control condition) or one of two robo-advisors (decoy condition), who invest or save the budget 

in their place. The detailed instructions are in Appendix A. 

When the budget is invested in the share, the round profit may be above or below the initial 

budget of 10 ECU due to price fluctuations. For example, if the price of the share increases by 

10% within a round, and 10 ECU have been invested in the share, 11 ECU will be credited to the 

balance. If the share price falls by 10% in one round and 10 ECU are invested in the share, the 

balance is credited with 9 ECU. If, on the other hand, the decision is made to save, the subjects' 

balance is always credited with exactly 10 ECU. Before making the investment decision, the 

subjects should therefore get an idea of whether they think the share price will rise or fall in the 

respective round. If the price rises, it is the profit-maximizing strategy to invest in the share. If the 

price falls, the profit-maximizing strategy is to save. 

As an aid, before each game round, the current values of four fundamental influencing factors 

are announced. In combination with a fifth influencing factor (the so-called "random influence"), 

the four fundamental influencing factors determine the share price trend. The instructions 

describe in detail in which ranges the values of the influencing factors can vary. In addition, the 

subjects receive insight into the distribution of the values of the fundamental influencing factors 

and the random influence in ten rounds of share price history. Based on this information, they 

can get an approximate picture of the correlations and the current development. The values of 

the influencing factors in each round were generated once as a random process and are identical 

for each subject. 

The participants in condition 1 (control) are given the choice of performing the asset management 

task independently or delegating it to Robo-advisor A with a success rate of 70%. That is, the 

algorithm makes the decision that maximizes the subjects' assets (invest or save) in an average 

of 7 out of 10 rounds. In the second condition (decoy), in addition to the independent execution 

and the Robo-advisor A, the subjects also have the Robo-advisor B with a success rate of 60%. 

The success probabilities of the algorithms are presented in a table in the instructions, along with 

other product dimensions. This follows the recommendation of Frederick, Lee & Baskin (2014), 

who found that the presentation of product dimensions in number form is particularly well suited 

to elicit a decoy effect. 
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3.3 Procedure 

The experiment is implemented in the experimental software z-Tree (cf. Fischbacher, 2007) and 

is conducted in the laboratory of the Ostfalia University of Applied Sciences. Subjects participate 

in the experiment from a computer workstation and receive instructions in paper form. The 

experiment is moderated throughout by a game leader. This ensures that participants actually 

take the necessary time, do not use any unauthorized aids, and are not disturbed while they have 

to focus on the task. 

The participants first read the instructions for their respective condition. Subsequently, control 

questions appear on the screen to check whether they have understood the task and correctly 

recorded all relevant information (see Appendix B). In the second condition, this also ensures that 

a decoy effect can occur. 

The experiment starts with the subjects being given an insight into ten rounds of share price 

history as well as the values of the four fundamental influencing factors for the current round for 

orientation purposes (see Appendix C). At this point, the subjects decide for the first time whether 

they want to perform the investment task in the current round independently or delegate it to 

Robo-advisor A (condition 1) or either Robo-advisor A or Robo-advisor B (condition 2). If the 

subjects decide to complete the task independently, they must also decide whether to invest 

their budget in the Z Share in the current round (expectation: share price rises) or save it 

(expectation: share price falls). This concludes the first round of the game. 

At the beginning of each new game round, the subjects are given an insight into the development 

of the share price and the influencing factors in the past ten game rounds, as well as the current 

values of the fundamental influencing factors. In addition, the change in their cumulative balance 

in the previous game round is always displayed. This allows the subjects to recognize whether the 

optimal investment decision was made in the past game round or whether there was a forecast 

error. In each game round, the subjects can decide again whether they want to perform the 

investment task independently or use the algorithm (condition 1) or one of the two algorithms 

(condition 2). 

After completion of the tenth game round, the subjects are informed of their total compensation. 

Next, they answer a short questionnaire asking for demographic information. Subsequently, the 

payout takes place. From the accumulated balance at the end of the tenth game round, 95 ECU 

are deducted. The remaining ECU are exchanged in the ratio of 1 ECU = €1 and paid out to the 

participants as compensation. The higher the accumulated credit from the ten rounds of play, the 

higher the payout for the subjects. 

3.4 The algorithms 

The two robo-advisors use the values of the fundamental influencing factors to make a prognosis 

of how the share price will develop. If their model predicts a rising price, they invest the subjects' 

budget in the share; otherwise, they save it. The formula that the algorithms rely on is designed 

to make the decision that is favorable to the subjects in the majority of the rounds of the game, 
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but they also occasionally miss the mark. In order to analyze the subjects' reactions to incorrect 

predictions, it is crucial that the experiment uses algorithms whose predictions are not always 

correct. 

Robo-advisor A uses exactly the equation behind the share price formation mechanism. It always 

enters the current values of the fundamental influencing factors into the formula and makes a 

forecast on this basis. Only the amount of the random influence, which acts as the fifth influencing 

factor, is not known to Robo-advisor A. It therefore always calculates with the expected value of 

the random influence (0). The random influence leads to the fact that the forecasts of the 

algorithm only in 70% of the cases lead to the financially advantageous decision (invest or save). 

In 30% of the cases, the random influence reverses the direction of the share price development 

suggested by the four known fundamental influencing factors. 

Robo-advisor B uses the same approach. However, this algorithm has no access to the values of 

fundamental influencing factor B. Therefore, it always calculates with the mean value of the range 

of fundamental influencing factor B, which is 15 (see instructions in Appendix A). The use of 

approximate formulas to predict future values is an established procedure when algorithms lack 

relevant information (cf. Rencher & Schaalje, 2008). 

The formula behind the Z Share price development mechanism is: 

0.8 × Fundamental Influencing Factor A + 0.2 × Fundamental Influencing Factor B – 0.4 × 

Fundamental Influencing Factor C + 0.04 × Fundamental Influencing Factor D + Random 

influence 

The formula used by Algorithm A is: 

0.8 × A + 0.2 × B – 0.4 × C + 0.04 × D + 0 

The formula used by Algorithm B is: 

0.8 × A + 0.2 × 15 – 0.4 × C + 0.04 × D + 0 

The price formation mechanism and the procedure of the algorithms are shown in Table 3. They 

are illustrated below using the example of game round 5. In game round 5, the value of 

fundamental influencing factor A is 12, fundamental influencing factor B is 9, fundamental 

influencing factor C is 7, fundamental influencing factor D is 30, and the random influence is -1 

(see Table 3 – section "Influencing Factors"). Thus, the price of the Z Share takes the following 

value: 

0.8 × 12 + 0.2 × 9 – 0.4 × 7 + 0.04 × 30 + (-1) = 8.80 ECU 
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Subjects who invest their round budget in this game round will be credited 8.80 ECU. Subjects 

who save their round budget will always be credited 10.00 ECU. So, in this round it is advisable to 

save the round budget of 10 ECU instead of investing it in the Z Share. The delta is -1.20 ECU (see 

Table 3 – section "Yield in ECU"). 

Algorithm A uses the following equation in this round of the game: 

0.8 × 12 + 0.2 × 9 – 0.4 × 7 + 0.04 × 30 + 0 = 9.80 ECU 

Thus, its model predicts that no higher round profit can be achieved by investing (+9.80 ECU) than 

by saving (+10.00 ECU). The predicted delta between investing and saving is -0.20 ECU. If this 

delta is negative or exactly 0, i.e., a share price of ≤ 10 ECU is predicted, the algorithm saves the 

subjects' round budget. Their balance is therefore credited with 10 ECU when choosing Algorithm 

A in game round 5. 

Algorithm B uses the following equation in this round of the game: 

0.8 × 12 + 0.2 × 15 – 0.4 × 7 + 0.04 × 30 + 0 = 11.00 ECU 

Thus, its model predicts that a higher round profit can be achieved by investing (+11.00 ECU) than 

by saving (+10.00 ECU). The predicted delta between investing and saving is +1.00 ECU. If this 

delta is positive, i.e., a share price of > 10 ECU is predicted, the algorithm invests the subjects' 

round budget in the Z Share. However, the actual share price at the end of the round is only 8.80 

ECU. The credit balance of the subjects who bet on Algorithm B in game round 5 is consequently 

credited with 8.80 ECU (see Table 3 – section "Algorithm Success").
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Table 3: Price formation mechanism, forecasts of algorithms, and remuneration depending on chosen strategy 

Game Round 1 2 3 4 5 6 7 8 9 10 Sum Remuneration* 

Influencing Factors 

Influencing Factor A 13 11 6 8 12 11 6 11 10 15 - - 

Influencing Factor B 15 13 17 18 9 14 20 18 16 11 - - 

Influencing Factor C 6 8 2 1 7 6 5 8 5 9 - - 

Influencing Factor D 19 27 35 32 30 23 24 22 23 21 - - 

Random Influence 0 1 0 -2 -1 0 2 1 -1 0 - - 

Yield in ECU 

Invest 11.76 ECU 10.28 ECU 8.80 ECU 8.88 ECU 8.80 ECU 10.12 ECU 9.76 ECU 11.08 ECU 9.12 ECU 11.44 ECU 100.04 ECU - 

Save 10.00 ECU 10.00 ECU 10.00 ECU 10.00 ECU 10.00 ECU 10.00 ECU 10.00 ECU 10.00 ECU 10.00 ECU 10.00 ECU 100.00 ECU - 

Delta (Invest - Save) +1.76 ECU +0.28 ECU -1.20 ECU -1.12 ECU -1.20 ECU +0.12 ECU -0.24 ECU +1.08 ECU -0.88 ECU +1.44 ECU - - 

Optimal Strategy Invest Invest Save Save Save Invest Save Invest Save Invest - - 

Algorithm Success 

Price Forecast (Alg. A) 11.76 ECU 9.28 ECU 8.80 ECU 10.88 ECU 9.80 ECU 10.12 ECU 7.76 ECU 10.08 ECU 10.12 ECU 11.44 ECU - - 

Price Forecast (Alg. B) 11.76 ECU 9.68 ECU 8.40 ECU 10.28 ECU 11.00 ECU 10.32 ECU 6.76 ECU 9.48 ECU 9.92 ECU 12.24 ECU - - 

Forecast of Delta (Alg. A) +1.76 ECU -0.72 ECU -1.20 ECU +0.88 ECU -0.20 ECU +0.12 ECU -2.24 ECU +0.08 ECU +0.12 ECU +1.44 ECU - - 

Forecast of Delta (Alg. B) +1.76 ECU -0.32 ECU -1.60 ECU +0.28 ECU +1.00 ECU +0.32 ECU -3.24 ECU -0.52 ECU -0.08 ECU +2.24 ECU - - 

Decision of Algorithm A Invest Save Save Invest Save Invest Save Invest Invest Invest - - 

Decision of Algorithm B Invest Save Save Invest Invest Invest Save Save Save Invest - - 

Remuneration 

Only Incorrect Forecasts 10.00 ECU 10.00 ECU 8.80 ECU 8.88 ECU 8.80 ECU 10.00 ECU 9.76 ECU 10.00 ECU 9.12 ECU 10.00 ECU 95.36 ECU €0.36 

Only Correct Forecasts 11.76 ECU 10.28 ECU 10.00 ECU 10.00 ECU 10.00 ECU 10.12 ECU 10.00 ECU 11.08 ECU 10.00 ECU 11.44 ECU 104.68 ECU €9.68 

Always Saving 10.00 ECU 10.00 ECU 10.00 ECU 10.00 ECU 10.00 ECU 10.00 ECU 10.00 ECU 10.00 ECU 10.00 ECU 10.00 ECU 100.00 ECU €5.00  

Always Investing 11.76 ECU 10.28 ECU 8.80 ECU 8.88 ECU 8.80 ECU 10.12 ECU 9.76 ECU 11.08 ECU 9.12 ECU 11.44 ECU 100.04 ECU €5.04  

Choosing Algorithm A 11.76 ECU 10.00 ECU 10.00 ECU 8.88 ECU 10.00 ECU 10.12 ECU 10.00 ECU 11.08 ECU 9.12 ECU 11.44 ECU 102.40 ECU €7.40  

Choosing Algorithm B 11.76 ECU 10.00 ECU 10.00 ECU 8.88 ECU 8.80 ECU 10.12 ECU 10.00 ECU 10.00 ECU 10.00 ECU 11.44 ECU 101.00 ECU €6.00  

Game rounds in which an algorithm does not make the profit-maximizing decision are highlighted in gray. 

*Remuneration is calculated from the cumulative balance at the end of the 10th game round minus 95 ECU, exchanged in the ratio 1 ECU = €1 (see Appendix A).
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3.5 Strategies 

The subjects have three main strategies at their disposal. They can choose to neglect the robo-

advisors and carry out the investment task independently in all ten rounds of the game. Their 

compensation is then strongly dependent on the success of their forecasts. Based on the values 

of the fundamental influencing factors generated by a random process, it will range from €0.36 

(in the case of ten incorrect forecasts) to €9.68 (in the case of ten correct forecasts). 

If subjects save in all ten rounds, their compensation is €5.00 (10 rounds × 10 ECU - 95 ECU). If 

subjects invest in the Z Share in all ten rounds, they receive €5.04. In three out of ten rounds, the 

share price trend suggested by the fundamental influencing factors is reversed by the random 

influence, the amount of which is unknown in advance. Consequently, it cannot be assumed that 

the subjects will succeed in earning the maximum possible compensation. If subjects always make 

the investment decision implied by the course of the fundamental influencing factors, their 

compensation for the ten randomly designed price rounds is €7.40. Thus, the compensation for 

independent forecasting will presumably be on average in the range between €5.00 (random 

asset management) and €7.40 (structured asset management based on the fundamental 

influencing factors). 

Furthermore, subjects can use Robo-advisor A in all ten rounds of the game. In this case, their 

compensation is €7.40 because the algorithm optimally exploits the information content of the 

fundamental influencing factors. 

In the second condition (decoy), the subjects can also use Robo-advisor B throughout. In this case, 

their compensation is below the compensation when choosing the superior Robo-advisor A and 

amounts to €6.00 (see Table 3 - section "Remuneration"). 

While human subjects can only roughly estimate the price formation mechanism on the basis of 

historical data on price development, the algorithms know the exact price formation mechanism 

and also have substantial advantages in linking the given information. In order to achieve the 

success probability of Algorithm A, participants would have to evaluate all information from the 

ten rounds of price history optimally. To do this, they would have to analyze the effects of each 

of the four fundamental influencing factors as well as the random influence on the share price 

and derive the price formation mechanism by an extremely complex regression equation. They 

would then have to enter the values of the fundamental influencing factors in each of the 

remunerated game rounds into the formula of the price formation mechanism and, on the basis 

of the result, make a decision as to whether to save or invest their budget. 

But even if they succeeded in doing so, the expected value of their remuneration would only be 

the same as when using Algorithm A, which also makes optimal use of all the information 

available in advance. In order to exceed the probability of success of Algorithm A, on top of that, 

the subjects would have to guess correctly in which rounds of the game the random influence, 

the amount of which is unknown in advance, would cause a change in the sign of the share price. 

To beat the algorithm in this experiment, therefore, not only outstanding analytical skills are 

required, but also a large amount of luck. This is exactly why algorithm aversion has attracted the 

interest of behavioral economists. Decisions against an algorithm that is so superior, and that are 

also associated with financial disadvantages, are often placed in the context of cognitive biases. 
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3.6 Methods 

To test hypothesis 1 (Not all subjects will choose to always use an algorithm), the decisions in 

favor of the target algorithm and decoy algorithm in all ten game rounds are added up for each 

subject, regardless of the treatment. Then, using the one-sample t-test, it is checked whether the 

number of game rounds in which an average subject relies on an algorithm is significantly 

different from 10 out of 10 game rounds (100%). In addition, the Z-test is used to determine 

whether the proportion of subjects who consistently bet on the algorithm differs significantly 

from 100% of the subjects (160 out of 160).  

To test hypothesis 2 (The proportion of decisions in favor of the target algorithm will be higher if 

another algorithm is introduced as a decoy), the mean value of the decisions in favor of the target 

algorithm is determined in both conditions. Using the Wilcoxon rank sum test, it can be checked 

whether there is a significant difference between the conditions. 

Hypothesis 3 is: The proportion of subjects who subsequently use an algorithm after an incorrect 

prognosis of an algorithm will be significantly higher in condition 2 (decoy) than in condition 1 

(control). Here the chi-square test is used. It checks whether the proportion of decisions in favor 

of the algorithms differs significantly between the conditions. For hypothesis 3, all situations are 

selected in which a subject delegated the decision to an algorithm in any round between game 

round 1 and game round 9 and the algorithm did not make the profit-maximizing decision (invest 

or save), i.e., the algorithm made an error. Subsequently, for both conditions it is separately 

recorded in how many cases an algorithm was selected again in the following game round and in 

how many cases the subjects made the investment decision themselves in the following game 

round. The resulting 2x2 contingency table (condition 1 vs. condition 2; own execution vs. 

algorithm) is subjected to the chi-square test. 

In addition, the same procedure is applied solely to the responses to the first (second, ..., n-th) 

error of an algorithm that a subject observes. Again, the chi-square test is used to check whether 

the decisions in the follow-up round differ significantly between the treatments. This additional 

procedure has the advantage that each subject is included only once in each chi-square test. This 

can lead to possible biases in the results, e.g., due to differentially pronounced learning effects, 

being less significant. 

Hypothesis 4 is: The proportion of subjects who subsequently switch to an algorithm after making 

an incorrect prognosis themselves will be significantly higher in condition 2 (decoy) than in 

condition 1 (control). To test this hypothesis, the same procedure is used as for hypothesis 3, with 

the only difference that now only the game rounds after incorrect predictions by the subjects 

themselves (instead of incorrect predictions by the algorithms) are taken into account. 

4. Results

4.1 General 

160 subjects each make 10 decisions between independent asset management and delegation of 

the task to an algorithm. In total, 1,600 decisions are observed. Of these, 899 (56.188%) are for 
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independent asset management and only 701 (43.813%) are for one of the two algorithms. 

Subjects who manage their assets independently invest their round budget in Z Shares in 577 

cases (64.182%) and save the budget in 322 cases (35.818%). 

The 43.813% of decisions for the algorithms are divided into 679 decisions (42.438%) in favor of 

Algorithm A with a success rate of 70% and 22 decisions (1.375%) in favor of Algorithm B with a 

success rate of 60%. Age, gender, and faculty of the subjects have no significant influence on the 

decision between algorithm and independent asset management. Moreover, the distribution 

remains constant over the course of the experiment. In every single one of the ten rounds of the 

game, only between 35% (round 4) and 49% (round 10) of the subjects decide to use an algorithm, 

despite its obvious advantages (see Section 3.5). The participants in the experiment are clearly 

subject to the phenomenon of algorithm aversion. Only 18 of the 160 subjects consistently rely 

on an algorithm (p-value Z-test < 0.001). The one-sample t-test supports that subjects are far from 

selecting an algorithm in all ten rounds of the game (t = -21.376, p < 0.001). The 95% confidence 

interval ranges from 3.862 to 4.900 out of 10 decisions per algorithm per subject. 

In terms of the number of correct predictions, the subjects are clearly inferior to both algorithms. 

The independent asset management by the subjects leads to the profit maximizing investment 

decision in 43.604% of the cases (392 out of 899 decisions) and in 56.396% of the cases (507 out 

of 899 decisions) not to the profit maximizing investment decision. As expected, the complexity 

of the task poses considerable problems for the subjects in independent asset management. Their 

success rate is even below 50%. 

In the instructions, the probability of success of Algorithm A was given as 70%. Its predictions are 

correct in 71.429% of the actual observed cases (485 of 679 decisions). Recommendations of 

Algorithm B are correct in 63.636% of the actually observed cases (14 out of 22 decisions), which 

also fits the reported success probability of 60%. 

Consistent with these results, subjects who consistently make their own predictions achieve a 

compensation of €5.12 on average. In comparison, the average compensation of subjects who 

consistently rely on an algorithm is €7.27 (Table 4). Linear regression analysis shows that the 

compensation increases on average by 19.793 cents with each additional decision in favor of one 

of the two algorithms (p-value < 0.001). 

In view of these figures, the rejection attitude toward the algorithm is remarkable. Over the 

course of ten rounds of play, subjects pay for their algorithm aversion with a reduction in their 

average remuneration by up to €1.98, or up to 30% on average. This is nevertheless in line with 

previous studies, in which algorithm aversion also occurs, although the renunciation of the 

algorithm drastically reduces the expected value of the compensation. 
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Table 4: Average remuneration depending on the frequency with which the algorithm was 

selected 

Number of Rounds in Which an 

Algorithm Was Selected 
Number of Subjects Ø Remuneration

0 26 €5.12 

1 15 €5.65 

2 16 €5.91 

3 17 €5.60 

4 11 €5.16 

5 15 €5.14 

6 12 €6.16 

7 15 €6.79 

8 8 €6.84 

9 7 €7.08 

10 18 €7.27 

160 €5.95 

4.2 Differences between conditions 

Out of 800 decisions in the control condition, 338 (42.250%) are made in favor of the target 

algorithm and 462 (57.750%) in favor of the independent asset management. In the decoy 

condition, 341 decisions (42.625%) are made in favor of the target algorithm, 437 decisions 

(54.625%) are made in favor of the independent asset management, and 22 decisions (2.750%) 

are made in favor of the decoy algorithm (Figure 4 and Table 5). 

Figure 4: Comparison of the conditions 
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Table 5: Comparison of the conditions 

Condition Own Forecasts Algorithm A Algorithm B Total Algorithm 

Control (1) 462 (57.750%) 338 (42.250%) - 338 (42.250%)

Decoy (2) 437 (54.625%) 341 (42.625%) 22 (2.750%) 363 (45.375%)

Total 899 (56.188%) 679 (42.438%) 22 (1.375%) 701 (43.813%)

The proportion of decisions in favor of own predictions thus decreases slightly in condition 2 

(decoy). However, it is by no means the case that subjects now massively select target Algorithm 

A, as previous research on the decoy effect might have suggested. Of the 25 additional decisions 

made in favor of the algorithms in the decoy condition, 22 are for Algorithm B (decoy) and only 3 

are for Algorithm A (target). The p-value of the Wilcoxon rank sum test of 0.889 proves that the 

addition of the decoy in the form of Algorithm B in condition 2 does not lead to any significant 

increase in the use of the target algorithm.  

It can be argued just as little that adding a decoy contributes to the reduction of algorithm 

aversion. Aggregating the decisions in favor of the two algorithms, the difference between the 

conditions is still far from significant (p-value of the Wilcoxon rank sum test = 0.530). The 

observed difference of 25 decisions (3.125%) is too small to constitute a significant result. It is 

rather due to noise in the decisions of the eleven subjects who, despite its lower probability of 

success, select Algorithm B once or several times. 

Figure 5: Comparison of the decisions in favor of the target algorithm between the conditions 

per game round 
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Further analyses show that the behavior of the subjects is hardly influenced by the introduction 

of a decoy. Firstly, the number of subjects who consistently follow a certain strategy is almost 

identical in both conditions. 18 subjects choose the algorithm in all ten rounds of the game. They 

are evenly distributed between both conditions (9 each). Of the 26 subjects who do not select 

the algorithm in any single game round, 12 are in condition 1 (control) and 14 in condition 2 

(decoy). Secondly, there are no differences in the time course of the game (Figure 5). The 

difference in the frequency with which the target algorithm is selected is always in the small range 

of 0% (round 7) to 8.750% (round 3). 

In line with all these findings, the average compensation in the two conditions is also close to 

each other. The average compensation per subject is €6.02 in condition 1 (control) and €5.89 in 

condition 2 (decoy). The difference is not significant in the Wilcoxon rank sum test (p-value = 

0.371). 

4.3 Reaction to forecast errors 

Of the 1,600 total forecasts made, 891 are correct and 709 are incorrect. The latter are divided 

into 507 incorrect forecasts by subjects themselves and 202 incorrect forecasts by one of the 

algorithms. In the following, the reaction to incorrect predictions in the first nine game rounds is 

examined, since only these game rounds are followed by at least one more game round in which 

a change in behavior is possible. 

The algorithm makes 202 incorrect predictions in the first nine game rounds: 99 in condition 1 

(control) and 103 in condition 2 (decoy). In the control group, 69.697% of subjects continue to 

use the algorithm in the subsequent round regardless. 30.303% of the subjects withdraw their 

trust in the algorithm immediately after an error and opt to make their own investment decision 

in the subsequent round. This result is consistent with previous studies that found that human 

trust in algorithms declines rapidly after erroneous predictions (cf. Dietvorst, Simmons & Massey, 

2015).  

How will subjects react if not only another algorithm is available but also the decoy effect provides 

additional evidence for the relatively good performance of the target algorithm? In condition 2 

(decoy), only 62.136% of the subjects choose the target algorithm immediately after they observe 

an error of an algorithm. 4.854% of the subjects subsequently choose the decoy algorithm and 

33.010% choose the independent prediction by themselves (Table 6).  

Thus, the expected effect does not occur. In fact, the extent of algorithm aversion after forecast 

errors of an algorithm even seems to slightly increase under the impression of a decoy effect. The 

p-value in the chi-square test that includes all decisions made after observing an error of an

algorithm is 0.679, which is not a significant result. When only the response to the first (second,

..., n-th error) of an algorithm is considered, the difference is also not significant (first error of an

algorithm: n = 105, p = 0.781; second error of an algorithm: n = 66, p = 0.421; third error of an

algorithm: n = 29, p = 0.453; for more than three errors of the algorithm, the sample size is less

than 20 participants).
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Table 6: Responses to forecast errors by an algorithm 

Condition 1 (control) Condition 2 (decoy) 

Selection in 

next round 

Own 

Forecasts 

Algorithm 

A 

Algorithm 

B 

Own 

Forecasts 

Algorithm 

A 

Algorithm 

B 

Total 30 69 - 34 64 5 

Percentage 30.303% 69.697% - 33.010% 62.136% 4.854% 

The subjects' own investment decisions lead to 474 errors in the first nine rounds of the game: 

230 in condition 1 (control) and 244 in condition 2 (decoy). In the control group, 69.130% of the 

subjects maintain their strategy of making their own predictions after an error. In contrast, 

30.870% switch to the target algorithm after making their own forecast errors in the following 

round. In condition 2 (decoy), the values are almost identical (Table 7). Here, 69.262% of the 

subjects continue to give their own forecasts, 29.098% rely on the target algorithm and 1.639% 

on the decoy algorithm (total algorithm = 30.737%). This difference is also clearly not significant 

in the chi-square test that includes all decisions made after observing an error of oneself (p-value 

= 0.975). When only the response to the first (second, ..., n-th error) of a subject itself is 

considered, the difference between treatments is still not significant (first error of a subject: n = 

140, p = 0.601; second error of a subject: n = 120, p = 0.266; third error of a subject: n = 95, p = 

0.596; fourth error of a subject: n = 68, p = 0.195; fifth error of a subject: n = 32, p = 0.414; for 

more than five errors of a subject, the sample size is less than 20). 

Table 7: Responses to forecast errors by the subjects themselves 

Condition 1 (control) Condition 2 (decoy) 

Selection in 

next round 

Own 

Forecasts 

Algorithm 

A 

Algorithm 

B 

Own 

Forecasts 

Algorithm 

A 

Algorithm 

B 

Total 159 71 - 169 71 4 

Percentage 69.130% 30.870% - 69.262% 29.098% 1.639% 

It can thus be stated that the decoy is particularly popular when one of the other two options 

made an error in the previous round. However, the extent of algorithm aversion after prediction 

errors remains unaffected by the decoy effect both in the case of errors of the algorithm and in 

the case of errors of the subjects themselves. 

5. Discussion

Imagine you are faced with the decision of whether to entrust your private assets to an innovative 

robo-advisor that promises to increase your wealth. How easy is it to develop trust in the new 

technology when so much is at stake? The robo-advisor has been explicitly designed to exploit 

information from the market to maximize your wealth and seems superior to all alternatives. But 
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will the robo-advisor also succeed in your case, or might you not be better off taking the 

management of your assets into your own hands? 

Now imagine you could compare two robo-advisors available on the market and freely choose 

between them. It quickly becomes apparent that one of the two robo-advisors seems to be 

particularly powerful compared to the other. How do you make your initial decision now? Will 

you succeed in completely ignoring the second robo-advisor in your decision-making process, or 

will the added option unnecessarily increase the appeal of the superior robo-advisor due to 

comparison bias? 

The results of this study provide initial evidence that the presence of the second robo-advisor 

makes little difference. The influence of the decoy effect on our decision-making behavior has 

been demonstrated for numerous products and services from the analog world. The findings so 

far suggest that adding a decoy should lead to the target gaining greater popularity. Surprisingly, 

this does not seem to hold true for decoys in the context of novel, complex, digital technologies 

affected by the phenomenon of algorithm aversion. It has already been shown that emphasizing 

the statistical superiority of algorithms alone is not sufficient to address algorithm aversion (e.g., 

Filiz et al., 2021a). The results of this study support the persistence of algorithm aversion. It is 

apparently so robust that even the otherwise highly reliable decoy effect is unable to mitigate it 

(Figure 6).  

Figure 6: Comparison of decisions in favor of the target product before and after adding a decoy 

in prior studies 

Where multiple experiments with different designs were conducted in the studies, the results from the research design 
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In the present study, the decoy effect was made abundantly salient. In the instructions, subjects 

were given a comparison of the target algorithm with the decoy algorithm in tabular form with 

easily comparable numbers (Appendix A). Before starting the experiment, all subjects in the decoy 

condition had to show in the control questions that they understood that two different algorithms 

were available to them (Appendix B). Last but not least, the success probabilities of the target 

and the decoy were displayed again in the selection area of the screen in every single round of 

the game (Appendix C). The fact that the decoy was actually selected in 2.750% of the decisions 

also fits with the results of previous studies (e.g., Yang & Lynn, 2014; Huber, Payne & Puto, 1982) 

and suggests that the decoy was noted as a decision option. 

However, the presence of the decoy does not lead to an increase in the proportions of the target, 

as is usually the case. Furthermore, the introduction of the decoy is not suitable for reducing 

algorithm aversion. Even if the decisions for both algorithms are added together, there is hardly 

any difference to the control group. This is extremely surprising. On the one hand, the subjects 

seem to act so rationally that they are hardly influenced by the inferior decoy in their decision 

between target and competitor. On the other hand, more than half of the decisions are made to 

perform the prediction task independently, even though the performance in doing so falls 

significantly short of that of an algorithm. 

The main finding of this study is that algorithm aversion prevails over the decoy effect as soon as 

both have an impact on a decision situation. This is true both throughout the course of the game 

and explicitly after observing errors of the algorithm. Dietvorst, Simmons & Massey (2015) had 

uncovered that trust in an algorithm declines rapidly after erroneous predictions, leading to the 

original coining of the term "algorithm aversion." The results of the present study suggest that 

this finding is not only valid in the context of one human vs. one algorithm. When an additional 

decoy algorithm is available, the willingness to use algorithms after errors still declines to the 

same extent. 

In many application areas for algorithms and AI, we are currently at the point where the first 

offerings are entering the market. For example, autonomous robo-taxis are expected to be 

offered to the public in Germany for the first time in 2022. For providers, this raises the question 

of how to raise their chances of success. Previous theory on the decoy effect had implied that 

providers should offer a decoy in addition to their target product, which they want to establish 

on the market in the long term, in order to influence potential customers in favor of the target. 

However, the results of this study show that the market share of new technologies cannot be 

increased so easily. Rather, potential users harbor a great deal of skepticism toward innovative, 

automated processes, which cannot be remedied by adding a decoy to the offering. The pioneers 

of digitized and automated business ideas should therefore be advised not to pursue the decoy 

effect as a sales strategy. Instead, they should rather refer to already identified measures to 

reduce algorithm aversion, such as influencing algorithmic output (Dietvorst, Simmons & Massey, 

2018) or learning effects (Filiz et al., 2021b). 

Finally, some aspects should be mentioned that may limit the validity of this study for decisions 

in practice. In order to follow the established research on the decoy effect, the participants in the 

economic experiment were provided with only two algorithms (target and decoy). In practice we 
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can often choose between more than two offers that dominate each other in different ways with 

respect to different dimensions. In particular, the rapid scalability of digital technologies means 

that the choice usually quickly exceeds two algorithms. Second, it should be mentioned that the 

results were obtained in the context of robo-advisors. However, asset management is only one 

small area affected by algorithm aversion. Possibly, different results would be obtained when 

using other algorithms from areas such as, for example, medicine, transportation, or 

entertainment. Last but not least, this study did not focus on social influences. However, humans 

are social beings. In our everyday lives, in contrast to a laboratory experiment, there is a great 

deal of interaction with other people, which influences our decision-making behavior. It must be 

left to subsequent research to analyze these aspects in more detail. 

6. Summary

In this study, the impact of the decoy effect on algorithm aversion is investigated by means of an 

economic laboratory experiment. Subjects are divided into two groups for an investment game 

in which they try to maximize their compensation. In the control condition, they have the choice 

in ten rounds of the game whether to delegate a prediction task to a specialized algorithm with a 

success rate of 70% (target) or to handle it independently by themselves (competitor). In the 

treatment condition, they also have a second algorithm (decoy) available to them in addition to 

the first algorithm and their own predictions. The second algorithm is identical to the first with 

one exception: it has a significantly lower success rate of just 60%. We speak of the decoy effect 

if one option (decoy) is inferior to another option (target) in at least one dimension and superior 

in no other dimension. 

The theory of the decoy effect suggests that the first algorithm (target) should be selected 

significantly more often in the treatment condition than in the control condition. Once the decoy 

comes into play, decision makers regularly apply a heuristic. They compare target and decoy and 

decide in favor of the target, since it is clearly superior to the decoy. In this case, the competitor 

always loses shares in favor of the target, since adding the decoy does not provide any additional 

information about comparative effectiveness of the competitor, but only about the target. 

In contrast to these considerations is the algorithm aversion. It describes users' reservations 

about automated procedures (algorithms) that cannot be easily remedied. If users are subject to 

algorithm aversion, they should not be influenced by the presence of a decoy, because algorithms 

are generally not an attractive option for them.  

The first thing that emerges is that the subjects in this study are also affected by algorithm 

aversion. Although each decision in favor of one of the two algorithms increases their 

compensation by an average of 19.793 cents, an algorithm is selected in just 43.813% of the 

decisions. 

Further, the presence of a decoy is shown to have no effect on the extent of algorithm aversion. 

The proportion of decisions in favor of the better performing target algorithm increases by only 

0.375 percentage points after the decoy is added, from 42.250% to 42.625%. Another 2.750% of 

the decisions are now made in favor of the inferior algorithm (decoy). The proportion of own 
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predictions by the subjects themselves decreases slightly from 57.750% to 54.625%. The 

difference turns out to be not statistically significant.  

Finally, the reaction to erroneous forecasts is also examined. In slightly more than 30% of the 

cases, the reaction to forecast errors of the algorithm is to switch to independent forecasting by 

oneself in the following game round. However, this proportion differs only minimally between 

conditions. Behavior after algorithm errors is not affected by the decoy effect. The same is true 

for the behavior after participants’ own erroneous forecasts. The proportion of switches to the 

algorithm is approximately the same in both conditions. 

Whether an additional algorithm (decoy) is present or not does not change the willingness to 

resort to a specialized algorithm in all cases studied. Algorithm aversion cannot be effectively 

reduced by the decoy effect. 
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Appendix A: Instructions 

Appendix A.1: Instructions for Condition 1 (Control) 

The Game 

In this game, you are asked to make an investment decision in the course of ten game rounds 

each. You will be given an initial budget of Experimental Currency Units (ECU) of 10 ECU per round. 

In each of the ten rounds, you can either invest 10 ECU in Z Shares or save them. You always invest 

or save the full amount; it is not possible to split the budget within a game round. 

If you invest the 10 ECU in Z Shares, you buy the shares at the beginning of the period and sell the 

shares again at the end of the period. The selling price will be credited to your balance. It may be 

higher or lower than the initial amount of 10 ECU you invested, depending on whether the price 

of the Z Share increased or decreased during the round.  

For example, if the price of the Z Share increases by 10% within a round, and you have invested 

10 ECU in the Z Share, your balance will be credited with 11 ECU. If the price of the Z Share falls 

by 10% within a round, and you have invested 10 ECU in the Z Share, your balance will be credited 

with 9 ECU. You can therefore invest in the Z Share specifically in the rounds in which you expect 

the price to rise.  

The share price of the Z Share always results from four influencing factors (see Table A-1) plus a 

random influence. The values of the influencing factors are announced to you before each game 

round. 

Table A-1: Factors influencing the formation of the Z Share price1 

Influencing Factor Span Influence Impact on Share Price 

A 5 to 15 Positive High 

B 5 to 25 Positive Medium 

C 0 to 10 Negative Medium 

D 15 to 35 Positive Low 

Random Influence -2 to +2 Positive Medium 

Influencing factors A, B, D, and the random influence have a positive effect on the share price. 

This means that if these influencing factors are in the upper range of their span (i.e., above the 

average of the previous periods), the share price tends to rise during the upcoming game round. 

Influencing factor C has a negative effect on the share price. That is, if this influencing factor lies 

in the upper range of its span (i.e., above the average of the previous periods), the share price 

1 In the original instructions, this table was referred to as "Table 1." 
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tends to fall during the coming round. The influencing factors have varying degrees of impact on 

the share price (Table A-1). 

Alternatively, you can save the round budget in the amount of 10 ECU. Your balance will then be 

credited with 10 ECU for the round in question. 

Your credit will be built up over the 10 rounds of play and used to calculate your pay at the end of 

the game. Regardless of your decisions in the previous rounds, you can always invest or save 

exactly 10 ECU in each new round. 

Choice Between Independent Asset Management and an Algorithm 

You can also choose in each game round whether you want to manage your round budget 

independently by yourself or entrust it to a robo-advisor (algorithm). 

If you choose the algorithm, it will either invest or save your round budget of 10 ECU in the 

respective game round in your place. The algorithm will always decide to invest your ECU if its 

model predicts a rising share price. If its model predicts a falling share price, it will save your 

budget in that round. 

In the past, it has been shown that in 7 out of 10 cases (70%) the algorithm makes the decision 

(invest or save) that leads to a higher return. 

Remuneration 

The pay structure is the same whether you manage your budget independently or entrust it to 

the algorithm. At the end of the game, your total cumulative balance earned in the ten game 

rounds is considered. 95 of the originally allocated 100 ECU (10 ECU each in 10 game rounds) will 

be deducted from your balance. The remaining amount will be exchanged for real money at the 

ratio of 1 ECU =  €1 and paid to you as your remuneration. 
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Procedure 

After reading the instructions and answering the control questions, the first remunerated game 

round (period 11 of 20) starts on your screen.  

At the beginning of each game round, you will see the price development of the Z Share, the 

development of the influencing factors and the development of the random influence for the last 

ten game rounds (period 1 to 10), in order to get an idea of the development. In addition, you will 

always be informed of the current values of the four influencing factors for the respective game 

round. The value of the random influence, on the other hand, is unknown in advance. Afterwards, 

you make your decision for the respective game round whether you want to manage your round 

budget independently or entrust it to the robo-advisor (algorithm). 

If you decide to do the investment task on your own, next you will choose whether you want to 

invest 10 ECU in Z Shares or save them in the particular round. If you decide to use the algorithm, 

it will make the decision between investing and saving in your place. 

After submitting the decision, you will be informed about the development of the Z Share price 

in any case, regardless of whether your budget was invested or saved. So, you will receive the full 

information in any case. The achieved return from the investment in Z Shares or the saved amount 

will be credited to your balance. 

A total of ten rounds will be played. After the experiment is completed, you will receive your 

remuneration, which is calculated according to the scheme described under "Remuneration." 

Remarks 

• Please keep quiet during the experiment!

• Do not look at your neighbor's screen!

• Apart from a pen and a pocket calculator, no other aids (smartphones, smartwatches, etc.) are

permitted.

• Only use the white sheet of paper provided for your notes.
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Appendix A.2: Instructions for Condition 2 (Decoy) 

The Game 

In this game, you are asked to make an investment decision in the course of ten game rounds 

each. You will be given an initial budget of Experimental Currency Units (ECU) of 10 ECU per round. 

In each of the ten rounds, you can either invest 10 ECU in Z Shares or save them. You always invest 

or save the full amount; it is not possible to split the budget within a game round. 

If you invest the 10 ECU in Z Shares, you buy the shares at the beginning of the period and sell the 

shares again at the end of the period. The selling price will be credited to your balance. It may be 

higher or lower than the initial amount of 10 ECU you invested, depending on whether the price 

of the Z Share increased or decreased during the round.  

For example, if the price of the Z Share increases by 10% within a round, and you have invested 

10 ECU in the Z Share, your balance will be credited with 11 ECU. If the price of the Z Share falls 

by 10% within a round, and you have invested 10 ECU in the Z Share, your balance will be credited 

with 9 ECU. You can therefore invest in the Z Share specifically in the rounds in which you expect 

the price to rise.  

The share price of the Z Share always results from four influencing factors (see Table A-2) plus a 

random influence. The values of the influencing factors are announced to you before each game 

round. 

Table A-2: Factors influencing the formation of the Z Share price2 

Influencing Factor Span Influence Impact on Share Price 

A 5 to 15 Positive High 

B 5 to 25 Positive Medium 

C 0 to 10 Negative Medium 

D 15 to 35 Positive Low 

Random Influence -2 to +2 Positive Medium 

Influencing factors A, B, D, and the random influence have a positive effect on the share price. 

This means that if these influencing factors are in the upper range of their span (i.e., above the 

average of the previous periods), the share price tends to rise during the upcoming game round. 

Influencing factor C has a negative effect on the share price. That is, if this influencing factor lies 

in the upper range of its span (i.e., above the average of the previous periods), the share price 

2 In the original instructions, this table was referred to as "Table 1." 
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tends to fall during the coming round. The influencing factors have varying degrees of impact on 

the share price (Table A-2). 

Alternatively, you can save the round budget in the amount of 10 ECU. Your balance will then be 

credited with 10 ECU for the round in question. 

Your credit will be built up over the 10 rounds of play and used to calculate your pay at the end of 

the game. Regardless of your decisions in the previous rounds, you can always invest or save 

exactly 10 ECU in each new round. 

Choice Between Independent Asset Management and an Algorithm 

You can also choose in each game round whether you want to manage your round budget 

independently by yourself or entrust it to one of two algorithms, so-called robo-advisors (Table A-

3). 

If you choose one of the algorithms, it will either invest or save your round budget of 10 ECU in 

the respective game round in your place. The algorithms will always decide to invest your ECU if 

their models predict a rising share price. If their models predict a falling share price, they will save 

your budget in that round. 

In the past, it has been shown that in 7 out of 10 cases (70%) Algorithm A makes the decision 

(invest or save) that leads to a higher return. Furthermore, it has been shown that Algorithm B 

makes the advantageous decision in 6 out of 10 cases (60%). 

Table A-3: Properties of the algorithms3 

Property Algorithm A Algorithm B 

Year of completion 2022 2022 

Manufacturer Ostfalia Analytics Ostfalia Analytics 

Probability of success 70% 60% 

Remuneration 

The pay structure is the same whether you manage your budget independently or entrust it to 

one of the algorithms. At the end of the game, your total cumulative balance earned in the ten 

game rounds is considered. 95 of the originally allocated 100 ECU (10 ECU each in 10 game rounds) 

will be deducted from your balance. The remaining amount will be exchanged for real money at 

the ratio of 1 ECU = €1 and paid to you as your remuneration. 

3 In the original instructions, this table was referred to as "Table 2." 
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Procedure 

After reading the instructions and answering the control questions, the first remunerated game 

round (period 11 of 20) starts on your screen.  

At the beginning of each game round, you will see the price development of the Z Share, the 

development of the influencing factors and the development of the random influence for the last 

ten game rounds (period 1 to 10), in order to get an idea of the development. In addition, you will 

always be informed of the current values of the four influencing factors for the respective game 

round. The value of the random influence, on the other hand, is unknown in advance. Afterwards, 

you make your decision for the respective game round whether you want to manage your round 

budget independently or entrust it to Algorithm A or entrust it to Algorithm B. 

If you decide to do the investment task on your own, next you will choose whether you want to 

invest 10 ECU in Z Shares or save them in the particular round.  

If you decide to use an algorithm, it will make the decision between investing and saving in your 

place. 

After submitting the decision, you will be informed about the development of the Z Share price 

in any case, regardless of whether your budget was invested or saved. So, you will receive the full 

information in any case. The achieved return from the investment in Z Shares or the saved amount 

will be credited to your balance. 

A total of ten rounds will be played. After the experiment is completed, you will receive your 

remuneration, which is calculated according to the scheme described under "Remuneration.” 

Remarks 

• Please keep quiet during the experiment!

• Do not look at your neighbor's screen!

• Apart from a pen and a pocket calculator, no other aids (smartphones, smartwatches, etc.) are

permitted.

• Only use the white sheet of paper provided for your notes.
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Appendix B: Test Questions 

Question 1: How many rounds of play does this economic experiment involve? 

a) 5.

b) 10. (correct)

c) 15.

Question 2 (condition 1): What alternatives do you have in each round? 

a) I must perform the investment task independently.

b) I can perform the investment task independently or delegate it to a financial expert.

c) I can perform the investment task independently or delegate it to a robo-advisor

(algorithm). (correct)

Question 2 (condition 2): What alternatives do you have in each round? 

a) I must perform the investment task independently.

b) I can perform the investment task independently or delegate it to a financial expert.

c) I can perform the investment task independently or delegate it to one of two robo-

advisors (algorithms). (correct)

Question 3: Which influencing factors have a positive effect on the price of the Z Share? 

a) Influencing factors A, B, and C.

b) Influencing factors A, B, and D. (correct)

c) Influencing factors A, C, and D.

Question 4: How is your remuneration calculated? 

a) At the end of the game, 100 ECU will be deducted from my balance. The remaining

amount will be exchanged for real money at the ratio of 1 ECU = €0.10.

b) At the end of the game, 100 ECU will be deducted from my balance. The remaining

amount will be exchanged for real money at the ratio of 1 ECU = €1.00.

c) At the end of the game, 95 ECU will be deducted from my balance. The remaining

amount will be exchanged for real money at the ratio of 1 ECU = €1.00. (correct)
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Appendix C: Screen Design 

Figure A-1: Screen design in condition 1 (control) 
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Figure A-2: Screen design in condition 2 (decoy) 
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Chapter VI – Algorithm Aversion as an Obstacle in the Establishment of Robo Advisors 

Abstract 

Within the framework of a laboratory experiment, we examine to what extent algorithm aversion 

acts as an obstacle in the establishment of robo advisors. The subjects have to complete 

diversification tasks. They can either do this themselves or they can delegate them to a robo 

advisor. The robo advisor evaluates all the relevant data and always makes the decision which 

leads to the highest expected value for the subject’s payment. Although the high level of 

efficiency of the robo advisor is clear to see, the subjects only entrust their decisions to the robo 

advisor in around 40% of cases. In this way they reduce their success and their payment. Many 

subjects orientate themselves towards the 1/n-heuristic, which also contributes to their sub-

optimal decisions. As long as the subjects have to make decisions for others, they noticeably make 

a greater effort and are also more successful than when they make decisions for themselves. 

However, this does not have an effect on their acceptance of robo advisors. Even when they make 

decisions on behalf of others, the robo advisor is only consulted in around 40% of cases. This 

tendency towards algorithm aversion among subjects is an obstacle to the broader establishment 

of robo advisors. 
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behavioral finance, experiments. 
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Abstract: Within the framework of a laboratory experiment, we examine to what extent algorithm
aversion acts as an obstacle  in  the establishment of  robo advisors. The subjects had  to complete

diversification tasks. They could either do this themselves or they could delegate them to a robo
advisor. The robo advisor evaluated all the relevant data and always made the decision which led
to the highest expected value for the subjects� payment. Although the high level of efficiency in the 
robo advisor was  clear  to  see,  the  subjects only entrusted  their decisions  to  the  robo advisor  in
around 40% of cases. In this way, they reduced their success and their payment. Many subjects ori‐
entated themselves towards the 1/n‐heuristic, which also contributed to their suboptimal decisions. 
As long as the subjects had to make decisions for others, they noticeably made a greater effort and
were also more successful than when they made decisions for themselves. However, this did not
have an effect on their acceptance of robo advisors. Even when they made decisions on behalf of
others, the robo advisor was only consulted in around 40% of cases. This tendency towards algo‐
rithm aversion among subjects is an obstacle to the broader establishment of robo advisors.

Keywords: algorithm aversion; robo advisors; decisions for others; portfolio choice; diversification;
behavioural finance; experiments

JEL Classification: D81; D84; D91; G11; G21; G41; O31; O33

1. Introduction

The traditional portfolio management business is demanding in terms of human re‐
sources and therefore comparatively expensive. Wealthy private customers have, how‐
ever, become more price‐sensitive since the establishment of low‐cost investment oppor‐
tunities such as exchange‐traded  funds  (ETFs)  in recent decades. Many banks are  thus 
trying to find low‐cost alternatives, particularly for the support of customers with smaller 
and medium‐sized assets. The increased use of automated processes in portfolio manage‐
ment offers considerable scope for cost reduction. Many banks thus offer robo advisors
(see, for example, Rühr et al. 2019a; Jung et al. 2018; Singh and Kaur 2017). Robo advisors
are algorithms which are specialised in making investment decisions for customers and
processing them. Using new technologies such as artificial neural networks, robo advisors
are becoming increasingly more powerful and can potentially maximise clients� returns 
(Méndez‐Suárez et al. 2019). 

However, many customers have reservations about interacting with automated pro‐
cesses (robo advisors), although the latter are often remarkably effective (see, for example,

Rossi and Utkus 2020; Bhatia et al. 2020; D�Acunto et al. 2019; Beketov et al. 2018; Uhl and 
Rohner 2018). So‐called algorithm aversion  is thus a significant problem for the banking 
sector.
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Algorithm aversion particularly occurs when algorithms have to deal with stochastic 
processes. This  is undoubtedly  the  case with  robo advisors. Even when  the algorithm 
makes very good  investment decisions,  it will�given  the stochastic nature of financial 
market trends�never be able to always make perfect investment decisions. Dietvorst et 
al. (2015) showed that the tolerance of occasional errors by algorithms is much lower than 
the tolerance shown regarding occasional poor decisions which one has taken oneself or 
are made by an expert. We speak of algorithm aversion when subjects decline the use of 
an algorithm even though it is clearly recognisable that their own decisions or those of 
experts are by no means more successful (for the usual definitions, see, for example, Filiz 
et al. 2021a). There  is a considerable amount of research  results available on measures 
which can mitigate algorithm aversion (see,  for example, Hinsen et al. 2022; Filiz et al. 
2021b; Gubaydullina et al. 2021; Kim et al. 2021; Jung and Seiter 2021; Castelo et al. 2019; 
Dietvorst et al. 2018; Taylor 2017).

The efficiency of robo advisors is due�among other things�to the fact that they can 
make meaningful diversification decisions effortlessly. By contrast, investors often find it 
difficult to determine the expected earnings and the risk (variance) of alternative invest‐
ments and to take into account the correlations of different investment opportunities in 
an appropriate way (see, for example, Ungeheuer and Weber 2021; Cornil et al. 2019; Enke 
and Zimmermann 2019; Gubaydullina and Spiwoks 2015; Eyster and Weizsäcker 2011; 
Kallir and Sonsino 2009; Hedesstrom et al. 2006). This is why in practice many portfolios 
prove to be under‐diversified or diversified in unsuitable ways (see, for example, Gomes 
et  al.  2021; Chu  et  al.  2017; Dimmock  et  al.  2016; Anderson  2013; Hibbert  et  al.  2012; 
Goetzmann  and Kumar  2008; Meulbroek  2005;  Polkovnichenko  2005; Huberman  and 
Sengmueller 2004; Agnew et al. 2003; Guiso et al. 2002; Benartzi 2001; Benartzi and Thaler 
2001; Barber and Odean 2000; Bode et al. 1994; Blume and Friend 1975; Lease et al. 1974). 

We build on studies that have examined what influences the willingness to use a robo 
advisor. Alemanni et al. (2020) showed  that the willingness to follow a robo advisor  is 
lower when the robo advisor suggests a portfolio change. If the current portfolio is to be 
retained, the willingness to use is similar to advice from human advisors (Alemanni et al. 
2020). In a questionnaire‐based study, von Walter et al. (2021) found that consumers who 
believe artificial  intelligence  is better than human intelligence are more  likely to accept 
advice from a robo advisor. Hodge et al. (2021) showed that subjects follow advice from a 
robo advisor without a name more closely than advice from a robo advisor that has been 
given a name. Robo advisors with names tend to be more popular for simple tasks than 
for complex ones (Hodge et al. 2021). The age of the decision‐maker may also be a factor: 
Robillard (2018) argued that millennials may rely more heavily on robo advisors because 
this generation has lower trust in fellow humans than other generations.

Users� risk attitudes and attitudes toward automated processes also influence robo 
advisors and their investment decisions. Robo advisors can identify different risk profiles 
of their users, although there are large differences in risk preferences within the same in‐
vestor type group (Boreiko and Massarotti 2020). User preferences, however, have differ‐
ent effects on the perception of and intention to use robo advisors. For financial invest‐
ments, a higher perceived level of automation leads to higher performance expectations 
and higher user control leads to lower perceived risk (Rühr et al. 2019b). Since robo advi‐
sors should  take user preferences  into account  to  increase  their usage  intent, a perfor‐
mance‐control dilemma arises that needs to be mitigated (Rühr 2020). 

Another important aspect seems to be the transfer of responsibility to the robo advi‐
sor. Niszczota and Kaszás (2020) discovered that moral investment decisions are rather 
delegated to humans than to robo advisors. On the other hand, Back et al. (2021) showed 
that subjects feel better in cases of loss if they have delegated some of the responsibility to 
the robo advisor. For tasks outside the world of finance, it has already been shown that 
punishment by third parties can be significantly lower if errors are committed by an algo‐
rithm  rather  than  by  a  human  (Feier  et  al.  2022).  The  idea  that,  under  certain 
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circumstances, subjects may be happy to hand over responsibility for possible future mis‐
takes to a robo advisor is remarkable, and we explore it in more detail in the present study. 

We carried out an economic experiment in which the subjects had to make four in‐
vestment decisions. They could choose between different investment alternatives in each 
of the four cases. They were informed of the possible returns, the probability that these 
returns would materialise, and the correlations of the different investment opportunities. 
The subjects could either make their own diversification decisions or entrust the task to a 
robo advisor. The subjects knew that the robo advisor took all of the relevant data into 
account (the expected value of the returns, the probability that the returns would materi‐
alise, and the correlation coefficients of  the return development of  the different  invest‐
ments), evaluated them optimally, and took them into account in its investment decisions. 
However, the subjects were also aware of the fact that the robo advisor could not know 
which random event will occur next. The subjects received the risk‐adjusted return of their
investment decisions as payment. This had the advantage that the subjects� risk prefer‐
ences had no meaning  for  the assessment of  the  investment alternatives. We examine 
whether algorithm aversion occurs in this context and whether this can lead to a reduction 
in  risk‐adjusted returns.  In  this context, adding  to previous  research, we also consider 
whether algorithm aversion is less pronounced when a person has to make decisions for 
others. 

Some empirical research findings indicate that when making decisions for others a 
change in the willingness of subjects to take risks can come into play (see, for example, 
Andersson et al. 2022; Eriksen et al. 2020; Vieider et al. 2016; Pahlke et al. 2015; Füllbrunn 
and Luhan 2015; Bolton et al. 2015; Pahlke et al. 2012; Chakravarty et al. 2011; Charness 
and  Jackson 2009; Reynolds  et al. 2009). This  is particularly  true when  the person  for 
whom a decision is being made is actually present (Polman 2012). Later on, the persons 
for whom a decision is made may demand that the decision‐maker justify their choices. If 
this is known in advance, it can lead to particular care on the part of the decision‐maker. 
If the decision is delegated to an algorithm, however, the decision‐makers do not have to 
justify their choices. This could possibly contribute towards a reduction in algorithm aver‐
sion. 

This study examines the circumstances under which robo advisors can become an 
important complementary tool in wealth management. In addition to the performance of 
robo advisors in the meaningful diversification of investment alternatives, the reluctance 
of subjects to use automated processes (in this case: robo advisors) is the focus of attention. 
Measures to dampen algorithm aversion are of considerable interest. In this context, we 
raise the question of whether people are more likely to use a robo advisor if the conse‐
quences of the robo advisor�s decision affect third parties. Exploring this question can help 
reduce hurdles to establish robo advisors. It also contributes to our understanding of the 
relatively new research field of algorithm aversion. The rest of this research paper is or‐
ganised as follows: In Section 2, the experimental design is explained. Section 3 deals with 
the elaboration of the hypotheses. In Sections 4 and 5, the results of the economic experi‐
ments are presented and discussed in the context of the existing literature. To wrap up 
this study, Section 6 provides a summary of the key findings and a conclusion. 

2. Experimental Design 
In order to answer the research question, an economic experiment with  two treat‐

ments was carried out between 20 and 28 April 2022 in the Ostfalia Laboratory of Experi‐
mental Economic Research (OLEW) at Ostfalia University of Applied Sciences in Wolfs‐
burg. A total of 160 students of the Ostfalia University of Applied Sciences took part in 
the experiment. Of these, 112 subjects (70%) were male and 48 subjects (30%) were female. 
Of the 160 participants, 98 subjects (61.25%) studied at the Faculty of Economics and Busi‐
ness, 38 subjects (23.75%) at the Faculty of Vehicle Technology, and 24 subjects (15%) at 
other faculties. Their average age was 23.6 years. 
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In each treatment, subjects have to make four investment decisions (tasks 1�4) whose 
success directly affects them (or others). However, the subjects do not profit from gains in 
the share prices�they only profit (once) from the dividend payments of the shares in 2022. 
The subjects can either make their own diversification decisions or entrust the task to a 
robo advisor. In the treatment entitled �Self� the subjects make a diversification decision 
for their own portfolio and receive the payment themselves. In the treatment entitled �Rep‐
resentative� the subjects make a diversification decision for another participant�s portfolio 
and the other participant in the session receives the payment which has been obtained. In 
the  treatment �Representative�,  after  the payment  has  been made,  the  subjects  are  in‐
formed about who is responsible for which payment. 

Let us assume, for example, that subject C receives the payment achieved by subject 
B and vice versa (Figure 1). After the experiment, subject B could demand in a personal 
conversation that subject C justifies his or her decisions. Moreover, subject C could also

demand that subject B justifies their decisions. All of the subjects who participate in the 
treatment �Representative� are informed about this at the beginning of the experiment. 

 
Figure 1. The treatment �Self� and the treatment �Representative�. 

In the first task, there are two shares to choose from: share Y and share Z. The divi‐
dend payments of both companies are independent random processes with two possible 
configurations: 8 experimental currency units (ECU) and ECU 0. The probability of each 
of these occurring is 50%. The expected values of the dividend payments are thus ECU 4 
each. The dividend payments of the two shares are wholly uncorrelated (correlation coef‐
ficient = 0). Table 1 shows the level of the dividend payments of the two shares in the past

ten years. In this task, as well as in all other tasks in the experiment, subjects are given the

dividend payments for the years 2012 to 2021. The dividend payments for 2022, which are 
relevant for their payoff, are still unknown, which is illustrated by the question mark.   

Table 1. History of the random events of the dividend payments in task 1. 

  2012  2013  2014  2015  2016  2017  2018  2019  2020  2021  2022 
Share Y  ECU 8  ECU 0 ECU 8  ECU 8  ECU 8 ECU 0 ECU 8 ECU 0  ECU 0 ECU 0  ? 
Share Z  ECU 0  ECU 0 ECU 8  ECU 0  ECU 8 ECU 8 ECU 0 ECU 0  ECU 8 ECU 8  ? 

The subjects are allowed to compile a portfolio consisting of two shares. They can 
thus choose two Y shares, two Z shares, or one Y share and one Z share. As payment, they 
receive the risk‐adjusted dividends for 2022. A risk‐adjusted dividend is equivalent to the 
dividend payment divided by the variance of the dividend payments of the chosen port‐
folio. The task thus consists of achieving the highest possible dividends with the lowest 
possible risk (low variance). The total of all risk‐adjusted dividends (in ECU) which are 
obtained via portfolio decisions is multiplied by five at the end and then paid in euros. 

As the subjects do not know the next random events for the dividend payments of 
share Y and share Z, it makes sense for them to orientate themselves towards the expected 
values and the variances of the three possible portfolios (see Table 2). 
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Table 2. Expected values and variances in task 1. 

Possible Portfolios 
Expected Value of the   

Dividend  Variance 
Expected Value of the   

Payment 
2 Y shares  ECU 8  64  ECU 0.125 or EUR 0.625 
2 Z shares  ECU 8  64  ECU 0.125 or EUR 0.625 

1 Y share + 1 Z share  ECU 8  32  ECU 0.25 or EUR 1.25 

Rational economic subjects orientate themselves towards the expected values of the 
payment,  i.e.,  they select  the mixed securities portfolio  (1 Y share + 1 Z share). This  is 
exactly how the robo advisor works. 

All of the subjects have been familiarised with stochastic processes and the calcula‐
tion of probabilities at school and also at the beginning of their degree programmes. They 
are aware of the fact that one cannot draw any conclusions about future random occur‐
rences from an independent random event. Nevertheless, the temptation is great to make 
a forecast on which events will occur in the cases of the two shares in 2022 which is derived 
from the sequence of favourable and unfavourable dividend payments. People tend to see 
patterns even where there are definitely none (see, for example, Zielonka 2004; Wärneryd 
2001; Gilovich et al. 1985; Roberts 1959). Subjects who have succumbed to the hot hand 
fallacy (Burns 2001; Gilovich et al. 1985) will tend to choose the portfolio of 2 Z shares. 
Subjects who believe in the gambler�s fallacy (Rogers 1998; Tversky and Kahneman 1971) 
will prefer the 2 Y shares portfolio. Subjects who think they can predict the next random 
events will not make use of the robo advisor. Subjects who want to maximise the expected 
value of their payment can, however, sleep easily if they delegate the decision to the robo 
advisor because the robo advisor is specialised in making meaningful portfolio decisions 
and takes all of the relevant information into account in an optimal way in order to achieve 
risk‐adjusted dividend payments which are as high as possible. The subjects are informed 
of this. 

The  second  task  is  somewhat more  complex. Once again,  there are  two  shares  to 
choose from (share X and share Q). Both of the shares can pay a dividend of either ECU 4 
or ECU 0. The probability of each of these occurring is 50%. The expected values of the 
dividend  payments  are  thus  ECU  2  each. Once  again,  they  are  independent  random 
events. The dividend payments of share X and share Q are completely uncorrelated (cor‐
relation coefficient = 0). 

Table 3 shows the level of the dividend payments of the two shares in the last 10 years. 

Table 3. History of the random events of the dividend payments in task 2. 

  2012  2013  2014  2015  2016  2017  2018  2019  2020  2021  2022 
Share X  ECU 0  ECU 0 ECU 4 ECU 0  ECU 0 ECU 0 ECU 4 ECU 4 ECU 4 ECU 4  ? 
Share Q ECU 0  ECU 4 ECU 4 ECU 4  ECU 0 ECU 4 ECU 0 ECU 0 ECU 4 ECU 0  ? 

The subjects can compile a portfolio consisting of four shares. They can thus choose 
four X shares, four Q shares, three X shares and one Q share, three Q shares and one X 
share, or two X shares and two Q shares. Neither the subjects nor the robo advisor know 
what the random events (dividend payments for share X and share Q) will be in 2022. A 
rational subject would orientate themselves towards the expected value of the payment 
and select the portfolio 2 X shares + 2 Q shares (see Table 4). This is exactly what the robo 
advisor does. 
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Table 4. Expected values and variances in task 2. 

Possible Portfolios 
Expected Value of the 

Dividend  Variance 
Expected Value of the 

Payment 
4 X shares  ECU 8  64  ECU 0.125 or EUR 0.625   
4 Q shares  ECU 8  64  ECU 0.125 or EUR 0.625   

3 X shares + 1 Q share  ECU 8  40  ECU 0.20 or EUR 1 
3 Q shares + 1 X share  ECU 8  40  ECU 0.20 or EUR 1 
2 X shares + 2 Q shares  ECU 8  32  ECU 0.25 or EUR 1.25   

The third task and the fourth task can no longer be accomplished with a crude diver‐
sification strategy such as the 1/n heuristic (see, for example, Fernandes 2013; Baltussen 
and Post 2011) because these are companies which belong to the same industry sector and 
whose dividend payments depend on the success of the sector. The dividend payments 
of  the  two shares are thus completely positively correlated  (correlation coefficient = 1). 
Table 5 shows the amount of the dividend payments in the past ten years. 

Table 5. History of the random events of the dividend payments in task 4. 

  2012  2013  2014  2015  2016  2017  2018  2019  2020  2021  2022 
Share M  ECU 4 ECU 0 ECU 4  ECU 0  ECU 0 ECU 0 ECU 4 ECU 4 ECU 0 ECU 4  ? 
Share P    ECU 3 ECU 1 ECU 3   ECU 1 ECU 1 ECU 1 ECU 3 ECU 3 ECU 1 ECU 3  ? 

A phase in which companies in this sector are either successful or are struggling oc‐
curs purely coincidentally with a probability of 50%. Previous events thus provide no in‐
dication of which random events might occur  in  the  future. The expected value of  the 
dividend payments  is thus ECU 2 for both shares. The subjects can compile a portfolio 
consisting of four shares. 

Given that the dividend payments for both shares are 100% positively correlated, a 
mixture of the two shares does not create any diversification effect. The optimal strategy 
is to select four P shares because that is the minimum variance portfolio (see Table 6). This 
is precisely the strategy pursued by the robo advisor. 

Table 6. Expected values and variances in task 4. 

Possible Portfolios  Expected Value of the 
Dividend 

Variance  Expected Value of the 
Payment 

4 M shares  ECU 8  64  ECU 0.125 or EUR 0.625   
4 P shares  ECU 8  16  ECU 0.50 or EUR 2.50   

3 M shares + 1 P share  ECU 8  49  ECU 0.165 or EUR 0.825   
3 P shares + 1 M share  ECU 8  25  ECU 0.32 or EUR 1.60   
2 M shares + 2 P shares  ECU 8  36  ECU 0.225 or EUR 1.125   

The experiment proceeds as follows: First, the subjects read the instructions and an‐
swer  the control questions  (see Appendices A and B). Afterwards,  they make  the  four 
portfolio decisions of tasks 1 to 4 either with the help of the robo advisor or independently 
(see Appendix C). For each of the four tasks, the subjects can decide again whether they 
want to delegate the task to the robo advisor or whether they want to choose a portfolio 
composition  themselves. Only  after  the  four  tasks have been  completed  is  it  revealed 
which random events have occurred in this session and to which compensation the sub‐
jects have progressed. The payment is then made in cash. 

   

115



J. Risk Financial Manag. 2022, 15, 353  7  of  24 
 

 

3. Hypotheses 
The most meaningful strategy is to delegate all four tasks to the robo advisor. The 

robo advisor always makes the most meaningful decisions. It always selects the portfolio 
composition which maximises the expected value of the payment in euros. It would actu‐
ally be possible to work out this optimal decision oneself. However, the amount of effort 
required to do so is considerable. The subjects can make mistakes when calculating the 
expected payment amount. The robo advisor, on the other hand, always evaluates all of 
the relevant data in an optimal way and always makes the decision which maximises the 
expected value of the payment. Nevertheless, it has to be expected that some subjects will 
have reservations about using a robo advisor. The wide variety of previous findings on 
the occurrence of algorithm aversion make this highly likely (Mahmud et al. 2022; Kawa‐
guchi 2021; Burton et al. 2020; Castelo et al. 2019, Prahl and Van Swol 2017). 

Hypothesis 1. Not all of the subjects will trust the robo advisor (algorithm), although it is not 
possible for them to make a better decision. This means that algorithm aversion will occur. 

Null Hypothesis 1. All of the subjects will trust the robo advisor (algorithm). This means that 
algorithm aversion will not occur. 

If the subjects are wary of using the robo advisor (algorithm aversion), this may well 
lead�on average�to a reduction  in  the payment they obtain. Algorithm aversion will 
presumably cause a loss in potential earnings. 

Hypothesis 2. The more  frequently the subjects delegate their decision to the robo advisor, the 
higher their payments will be. 

Null Hypothesis 2. The frequency with which the subjects delegate their decisions to the robo 
advisor does not have a positive influence on their payment. 

Among the subjects, there will presumably be some who pursue a crude diversifica‐
tion strategy (1/n‐heuristic; see, for example, Fernandes 2013; Morrin et al. 2012; Baltussen 
and Post 2011; Huberman and  Jiang 2006; Benartzi and Thaler 2001). This strategy can 
lead to success in tasks 1 and 2. In tasks 3 and 4, on the other hand, it cannot lead to suc‐
cess. For an optimal solution of tasks 3 and 4, it is necessary to also take into account the 
correlation coefficients alongside the expected values of the dividends. 

Hypothesis 3. Subjects who do not deploy the algorithm partly neglect the correlations, and in the 
cases of tasks 3 and 4 they find the optimal solution significantly less often than in tasks 1 and 2. 

Null Hypothesis 3. Subjects who do not deploy the algorithm do not neglect the correlations, and 
in the cases of tasks 3 and 4 they do not find the optimal solution significantly less often than in 
tasks 1 and 2. 

On the basis of the existing research on decision making for others (see, for example, 
Pahlke et al. 2015; Polman 2012; Pahlke et al. 2012; Charness and Jackson 2009; Reynolds 
et al. 2009) we presume  that the subjects who make decisions  for others (the treatment 
�Representative�) consider their decisions more carefully and try harder to make mean‐
ingful decisions. After all, the persons for whom the decisions are being made are actually 
present. At the end of the experiment, who decided for whom and what the results were 
is announced. All of the subjects  in the treatment  �Representative� are aware of this. In 
other words, they have to expect that they will need to justify their decisions. The subjects 
in the treatment �Self�, on the other hand, are only responsible for themselves. They need 
not fear that someone will demand that they justify their decisions. We therefore presume 
that algorithm aversion will occur less frequently in the treatment �Representative� than 
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in the treatment �Self�. In addition, we presume that those persons in the treatment �Rep‐
resentative� who do not want to trust the robo advisor�for whatever reason�will make 
a greater effort to select meaningfully diversified portfolios. 

Hypothesis 4. The solution of the tasks is delegated to the robo advisor significantly more often 
in the treatment �Representative� than in the treatment �Self�. 

Null Hypothesis 4. The solution of the tasks  is not delegated to the robo advisor significantly 
more often in the treatment �Representative� than in the treatment �Self�. 

Hypothesis 5. Those persons who do not want to trust the robo advisor will choose the optimal 
portfolio structure significantly more often in the treatment �Representative� than in the treatment 
�Self�. 

Null Hypothesis 5. Those persons who do not want to trust the robo advisor will not choose the

optimal portfolio structure significantly more often in the treatment �Representative� than in the 
treatment �Self�. 

The general research question of this study is: Can robo advisors become useful com‐
plementary tools  in  the modern wealth management business?  In order  to explore our 
research question, we assume that a robo advisor cannot forecast future capital market 
developments without errors. However, a robo advisor can effortlessly make meaningful 
diversification decisions. This leads to the question if economic agents need a robo advisor 
in order to achieve good diversification decisions with certainty. In four very clear deci‐
sion situations where shares are assembled into a portfolio, optimal decisions can easily 
be made. However, the facts (expected value, the dispersion of events around expected 
value, and the correlation of the events of different shares) are neglected or misinterpreted

by many economic agents. Therefore, a greater willingness to delegate the decision to the 
robo advisor presumably leads to greater investment success or higher compensation (Hy‐
pothesis 2). The fact that is most often neglected is probably the correlation of the returns 
of different shares (Hypothesis 3). 

Although  the subjects know  that  the robo advisor optimally evaluates all relevant 
information and makes the best possible diversification decision in each case, experience 
has shown that many economic subjects are reluctant to entrust themselves to an algo‐
rithm�in this case a robo advisor (Hypothesis 1). Thus, if robo advisors are to be success‐
fully established, measures  to mitigate algorithm aversion have  to be considered. One 
possible measure would be to place the decision to use a robo advisor in the context of 
decision for others. After all, investment decisions are not only important for the wealthy 
person but also for his or her family, especially children and grandchildren. Thus, in the 
case of decision for others, the willingness to use the robo advisor might  increase (Hy‐
pothesis 4) because economic agents might  try harder  to make a meaningful decision 
when making decisions that (also) affect others (Hypothesis 5). 

4. Results 
Of the 160 participants, 80 subjects played the treatment �Self� and 80 played the treat‐

ment �Representative�. The experiment was carried out using z‐Tree (Fischbacher 2007). 
The time needed for reading the instructions of the experiment (Appendix A), answering 
the test questions (Appendix B), and carrying out the four tasks took 15 min on average. 
An average payment of EUR 6.89 seemed very attractive for the amount of time required. 
It was intended to be sufficient incentive for meaningful economic decisions, and the sub‐
jects did actually give the impression of being concentrated and motivated. 

In the first instance, it could be seen that algorithm aversion occurred to a consider‐
able extent. Although it was clear to all of the participants that using the algorithm (robo 
advisor) definitely led to the best possible decisions, the robo advisor was deployed  in 
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less than half of the cases. A total of 160 subjects had to make four decisions each. This 
was a total of 640 decisions. The subjects decided to delegate the task to the robo advisor 
in only 258 cases  (40.31%).  In 382 cases  (59.69%),  the subjects refrained  from using  the 
algorithm (Figure 2). The reason why this is so remarkable is that all of the subjects knew 
that the robo advisor evaluated all of the relevant data in an optimal way and therefore 
always made the best possible decision. 

An average subject relied on the algorithm in only 1.612 out of 4 rounds. The t‐test 
shows in all clarity that Null Hypothesis 1 has to be rejected (p‐value = 0.000). The Z‐test 
supports  that only very  few subjects  (36 out of 160) consistently followed  the  rational 
strategy and relied on the algorithm in all rounds of the experiment (p‐value = 0.000). Al‐
gorithm aversion  thus obviously occurred  to a considerable extent  (59.69% of all deci‐
sions). 

 
Figure 2. Decisions for and against the algorithm (robo advisor). 

It is of particular interest whether this tendency towards algorithm aversion really 
led to a smaller number of optimal diversification decisions and whether the payments 
were lower than would have been the case when the subjects had consistently trusted the 
robo advisor. After all, one cannot simply presume that the decisions of the subjects who 
did not always use the robo advisor were really less successful. 

A total of 53 subjects did not delegate their decision to the robo advisor a single time. 
In 89 out of 212 decisions (41.98%), these subjects selected optimal portfolios. On average, 
they achieved an expected payment value of EUR 6.36. How much the actual payment 
was also depended on the specific random events (dividend payments). Here, there was 
an average payment of EUR 6.67 (Table 7). 

A total of 34 subjects delegated all four of their decisions to the robo advisor. As was 
to be expected, in 136 out of 136 decisions (100%), the optimal portfolios were chosen. The 
subjects achieved an expected payment value of EUR 8.13. The specific random events 
(dividend payments) led to an average payment of EUR 7.53 (Table 7). 

Table 7. Average success in relation to the extent of algorithm aversion. 

Number of Times 
the Algorithm 
Was Chosen 

Number of 
Subjects 

Optimal Portfolios 
Expected Value of 
the Payment in 

Euros 

Actual Payment 
in Euros 

0  53  89 (41.98%)  EUR 6.36    EUR 6.67   
1  39  71 (45.51%)  EUR 6.20    EUR 6.49   
2  19  51 (67.11%)  EUR 7.23    EUR 6.78   
3  15  48 (80.00%)  EUR 7.37    EUR 7.46   
4  34  136 (100%)  EUR 8.13    EUR 7.53   
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Figure 3 shows clearly that the more frequently the subjects delegated their decision 
to the robo advisor, the more successful they were. The subjects who did not put their 
faith in the robo advisor a single time achieved an average of only 1.68 optimal portfolios. 
The subjects who used the robo advisor to solve all four tasks made 4.00 optimal decisions. 
The F‐test confirms:  the more  frequently  the robo advisor was used,  the more optimal 
portfolios were compiled (thick grey  line,  left scale, p‐value = 0.000), the higher  the ex‐
pected value of payment (dashed black line, right scale, p‐value = 0.000), and the higher 
the actual payment (continuous black line, right scale, p‐value = 0.000). 

The stronger the effect of algorithm aversion, the less successful the subjects were. 
Null Hypothesis 2 thus has to be discarded. 

 
Figure 3. Average success in relation to the extent of algorithm aversion. 

Now let us look at the success of the decisions which were not delegated to the robo 
advisor. Tasks 1 and 2 can be solved well with the simple understanding of the diversifica‐
tion of  the 1/n heuristic. In  tasks 3 and 4, however,  it  is absolutely necessary  to  take  the 
correlations between the dividend payments of the two shares into account and to under‐
stand the variances of the dividend payments of the two shares. Among the decisions which 
are not delegated  to  the robo advisor, a clear difference can  indeed be seen between  the 
success rate in tasks 1 and 2 on the one hand and the success rates in tasks 3 and 4 on the

other. In tasks 1 and 2, 81 out of 182 decisions (44.51%) led to optimal portfolios. In tasks 3

and 4, on the other hand, only 56 out of 200 decisions (28%) led to optimal portfolios which 
maximised the expected value of the payment. In the chi square test, this difference proves 
to be significant (p‐value = 0.001). Null Hypothesis 3 thus has to be rejected (Figure 4). 
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Figure 4. Percentage share of optimal portfolios according to tasks. 

In a comparison of the two treatments �Self� and �Representative�, no noteworthy dif‐
ferences with regard to use of the robo advisor can be seen. In the treatment �Self�, 131 of 
out 320 decisions (40.94%) were delegated to the robo advisor. In the treatment �Repre‐
sentative�, 127 out of 320 decisions (39.69%) were delegated to the robo advisor (Table 8 
and Figure 5). This is only a very small difference. It proves to be insignificant both in the 
Wilcoxon rank sum test (p‐value = 0.752) as well as in the chi square test (p‐value = 0.747). 
Null Hypothesis 4 can therefore not be rejected. 

Table 8. Influence of the treatments on algorithm aversion. 

Treatment  Robo Advisor  Own Decision  Total 
�Self�  131  189  320 

�Representative�  127  193  320 

 
Figure 5. Acceptance of the robo advisor according to treatments. 

This is a surprising result. The subjects in the treatment �Representative� could have 
easily transferred their responsibility for the payment of another person to the robo advi‐
sor. Given that the robo advisor was known for the fact that it always made optimal deci‐
sions, nobody needed to be afraid of being criticised. However, a large part of the subjects 
obviously had such far‐reaching reservations regarding the deployment of a robo advisor 
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that  they did not want to take  this route. We thus have  to come to  the conclusion  that 
algorithm aversion occurs frequently and is by no means easy to overcome. 

However, it is noticeable that it does make a difference whether one makes decisions 
for oneself or for others. The subjects in the treatment �Representative� really did make a 
greater effort to make meaningful decisions. This can be seen in the decisions they made 
without using  the  robo advisor.  In 57 out of 189 decisions  (30.16%)  the subjects  in  the 
treatment �Self� succeeded in building optimal portfolios (portfolios with the highest ex‐
pectation value for the payment in euros). In 80 out of 193 decisions (41.45%), the subjects 
in the treatment �Representative� succeeded in building optimal portfolios (portfolios with 
the highest expectation value for the payment in euros) (Table 9 and Figure 6). This dif‐
ference turns out to be statistically significant in the chi square test (p‐value = 0.021). 

Table 9. Success of portfolio decisions without the robo advisor according to treatments.

Treatment 
Number of 
Subjects 

Number of 
Optimal Port‐
folios without 
the Robo Ad‐

visor 

Number of 
Suboptimal 
Portfolios 
without the
Robo Advisor 

Number of De‐
cisions Made by 
the Robo Advi‐

sor 

Total 

�Self�  80  57  132  131  320 
�Representative�  80  80  113  127  320 

 
Figure 6. Success of the portfolio decisions without the robo advisor according to treatments. 

A clear difference between the two treatments can definitely be seen. The subjects 
behaved differently depending on whether they were deciding for themselves or for oth‐
ers. They obviously acted less impulsively in the treatment �Representative� and weighed 
up more precisely which portfolio composition would presumably lead to the largest pay‐
ment. However,  this effort  to make meaningful decisions did not  lead  to a greater ac‐
ceptance of robo advisors. The subjects� reservations about using an algorithm were obvi‐
ously stronger than their wishes to make decisions for others with particular care. 

5. Discussion 
Our results contribute to the academic debate in three ways. First, it has been shown 

that many subjects have massive reservations about robo advisors despite their obvious 
advantages.  In our study, robo advisors consistently outperformed subjects. Still, most 
subjects chose not to use them. Although robo advisors have enormous potential and per‐
form significantly better on average, they seemed to be very unpopular among subjects. 
This  is  in  line  with  previous  studies,  which  also  found  that  algorithm  aversion  in 
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particular can be a hurdle in establishing robo advisors (Hodge et al. 2021; Alemanni et 
al. 2020; Niszczota and Kaszás 2020). 

Second, our research confirms that algorithm aversion is a serious barrier to the dif‐
fusion of innovative business fields in general. In this respect, we may also be facing a 
societal problem. Already  today,  the use  of  algorithms  clearly provides humans with 
more powerful options  for solving problems. Yet, decision‐makers  refuse  to use them. 
Instead, they perform tasks themselves, leading to higher costs and poorer results. It there‐
fore remains an important task of research, especially with regard to cognitive biases and 
heuristics, to further explore the background of algorithm aversion in order to contribute 
to the progress of society. 

Third, it turns out that it makes little difference to the extent of algorithm aversion 
who has to bear the consequences (oneself or third parties). Research by Back et al. (2021) 
suggests that one reason to consult a robo advisor might be that it feels like relinquishing

some of the responsibility for unpleasant tasks and potential mistakes. However, this as‐
sumption was not confirmed in our study. If subjects made decisions for others who may 
have demanded a  justification for possible mistakes, the robo advisor was nevertheless 
just as unpopular. 

To save taxes, many wealthy private clients transfer part of their assets to their chil‐
dren while they are still minors. These assets also need to be managed. The parents now 
have to decide on behalf of their children how this should be accomplished. If algorithm 
aversion were less prominent in decisions for others, this could be a starting point to re‐
solve or at least mitigate the bias against robo advisors. However, no evidence for this has 
emerged. Algorithm aversion is reflected to the same extent in the decisions that economic 
agents make for themselves and in the decisions that they make for others. 

Of course, there are also some limitations that may affect the validity of our results 
for practical applications. First, it should be mentioned that the results were obtained in 
the context of financial decisions with robo advisors. Financial decisions are influenced 
by a variety of factors, such as financial literacy or experience. Algorithm aversion is far 
from being the only influencing factor. It may therefore be worthwhile to revisit our re‐
search question in relation to other areas of use for algorithms. 

Moreover, robo advisors from reputable banks go through a detailed accreditation 
process. In this process, independent experts verify, for example, whether the robo advi‐
sors take appropriate measures to hedge risks and also make decisions that are justifiable 
from an ethical point of view. Accreditation is thus a tool that can increase user confidence. 
However, it cannot be replicated in the same way in an economic laboratory experiment. 

Finally, when making decisions on behalf of others, it may always make a difference 
what one�s relationship is to the person who has to bear the consequences. We conducted 
a laboratory experiment at our research  institution. Usually, students go there together 
with fellow students whom they know from classes. Sometimes students also come alone. 
As such, the consequences of the decision in the treatment �Representative� were largely 
borne either by complete strangers or  loose acquaintances.  It must be  left  to  future re‐
search efforts to see if a different outcome emerges when we decide, for example, on be‐
half of loved ones. 

6. Conclusions 
Robo advisors are algorithms which can automatically make  investment decisions 

for asset management customers. Given the increased price sensitivity of wealthy private 
clients, robo advisors are one way to offer solid portfolio management decisions at a low 
cost. However, customers have considerable reservations about algorithms, even when 
they are very efficient systems. This phenomenon, which is known as algorithm aversion, 
is considered in more detail in this study. 

In a  laboratory experiment, subjects made a  total of  four portfolio decisions. They 
could either try to determine the optimal portfolio composition in each case themselves 
or they could delegate the task to a robo advisor. The robo advisor took all the relevant 
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information into account in an optimal way and always chose the portfolio composition 
which led to the highest expected value of the payment in euros. The subjects were famil‐
iar with the qualities of the robo advisor. Nevertheless, they only used it in around 40% 
of all cases. In around 60% of all decision making situations, the subjects trusted in their 
own judgement, although it must have been clear to them that they were not able to make 
better decisions than the robo advisor. Algorithm aversion thus occurred to a great extent. 

The actual success rate of the subjects who did not put their faith in the robo advisor 
was indeed lower than that of the robo advisor. This applied to the average number of 
optimal portfolio compositions, to the average expected values of their payment in euros, 
and also with regard to the actually obtained payment in euros. It is crystal clear that the 
more frequently the subjects delegated their decisions to the robo advisor, the greater their 
success. With their aversion towards the algorithm, the subjects were recognisably dam‐
aging themselves.

The subjects had particular difficulties when trying to take into account the correla‐
tion between the different investments. Tasks which could be solved with the simple di‐
versification strategy of the 1/n heuristic (tasks 1 and 2) were dealt with successfully sig‐
nificantly more often than tasks which could not be suitably dealt with using the 1/n heu‐
ristic (tasks 3 and 4). 

Ultimately,  it became clear that subjects who had to make decisions for others ap‐
proached the task in a more careful and concentrated way. Among the decisions which 
were  not made  by  the  robo  advisor,  there were  significantly more  optimal portfolios 
within  the subjects who made decisions  for others  than among  those who decided  for 
themselves. However,  this did not have an effect on algorithm aversion. Regardless of 
whether the subjects decided for themselves or for others, a readiness to delegate the de‐
cision to the robo advisor could only be seen in around 40% of decisions. 

To summarise,  the  following can be stated: The deployment of robo advisors can, 
under certain circumstances, be a low‐cost and very efficient alternative to traditional as‐
set management. However, algorithm aversion hinders the establishment of the business 
which could be had with robo advisors. 
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Appendix A. Instructions for the Experiment 
Appendix A.1. Instructions (Treatment �Self�) 

You have the task of creating portfolios of shares. A portfolio of shares is a compila‐
tion of several shares. 

The development of the share prices is of no concern to you, because you profit only 
once from the dividend payments of the shares in 2022. The dividend is the distribution 
of profits of a stock exchange‐listed company to its shareholders. 
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You will receive information about how the dividend payments might turn out, and 
about the probabilities of different amounts of dividend. In addition, you will be shown 
how the dividends of the shares have developed over the last ten years. 

You are paid the risk‐adjusted dividend. A risk‐adjusted dividend  is the dividend 
payment divided by the variance of the dividend payments of the selected portfolio. Your 
task thus consists of achieving the highest possible dividends with the lowest possible risk 
(low variance). 

The total of all risk‐adjusted dividends (in ECU) which you achieve via your portfolio 
decisions is multiplied by five at the end and then paid in euros. 

You can make the portfolio decisions yourself or delegate them to an algorithm (robo 
advisor). The robo advisor  is specialised  in making meaningful portfolio decisions and 
takes all of the relevant information into account in an optimal way in order to achieve 
risk‐adjusted dividend payments which are as high as possible.

Appendix A.2. Instructions (Treatment �Representative�) 
You have the task of creating portfolios of shares. A portfolio of shares is a compila‐

tion of several shares. 
The development of the share prices is of no concern to you, because you profit only 

once from the dividend payments of the shares in 2022. The dividend is the distribution 
of profits of a stock exchange‐listed company to its shareholders. 

You will receive information about how the dividend payments might turn out, and 
about the probabilities of different amounts of dividend. In addition, you will be shown 
how the dividends of the shares have developed over the last ten years. 

You are paid the risk‐adjusted dividend. A risk‐adjusted dividend  is the dividend 
payment divided by the variance of the dividend payments of the selected portfolio. Your 
task thus consists of achieving the highest possible dividends with the lowest possible risk 
(low variance). 

The total of all risk‐adjusted dividends (in ECU)which you achieve via your portfolio 
decisions is multiplied by five at the end and then paid in euros. However, this amount is

not paid to you, but to another participant. If you make successful decisions, one of the

other participants will have something to be pleased about. If you make unsuccessful de‐
cisions, one of the other participants will be annoyed. 

At the same time, another participant is making the decisions which determine your 
payment. Who has made portfolio decisions for whom will be announced at the end of 
the session. 

So please remember why you made which decisions. The other participant might 
want you to justify your decisions if the results are disappointing. 

You can make the portfolio decisions yourself or delegate them to an algorithm (robo 
advisor). The robo advisor  is specialised  in making meaningful portfolio decisions and 
takes all of the relevant information into account in an optimal way in order to achieve 
risk‐adjusted dividend payments which are as high as possible. 

Appendix B. Test Questions 
Appendix B.1. Test Questions (Treatment �Self�) 

What is a share portfolio?
(a) A compilation of shares, bonds and derivative instruments. 
(b) A compilation of shares. (correct) 
(c) A compilation of various securities without shares. 

What is a dividend? 
(a) It is the opposite of a multiplication. 
(b) It is a major military unit. 
(c) It is the distribution of profits by a stock exchange‐listed company to its shareholders. 

(correct) 
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What do you profit from? 
(a) From increases in the price of the shares that I choose. 
(b) From the risk‐adjusted dividends of the shares that I choose. (correct) 
(c) From increases in the price of the shares that I choose, and from the dividends. 

How can the algorithm (robo advisor) be deployed? 
(a) I have to use the robo advisor. 
(b) The robo advisor is not available to me. 
(c) I have a free choice between either making the portfolio decisions myself or delegat‐

ing the task to a robo advisor which is specialised in this field. (correct) 

Appendix B.2. Test Questions (Treatment �Representative�) 
What is a share portfolio?

(a) A compilation of shares, bonds and derivative instruments. 
(b) A compilation of shares. (correct) 
(c) A compilation of various securities without shares. 

From whose decisions do you profit? 
(a) From my own decisions. 
(b) From the decisions of all participants. 
(c) From the decisions of the participant who makes the decisions for me. (correct) 

What determines the payment of the person for whom you make the decisions? 
(a) The changes in the prices of the shares that I choose. 
(b) The risk‐adjusted dividends of the shares that I choose. (correct) 
(c) The increases in the price of the shares that I choose, and the dividends of the shares 

that I choose. 
How can the algorithm (robo advisor) be deployed? 

(a) I have to use the robo advisor. 
(b) The robo advisor is not available to me. 
(c) I have a free choice between either making the portfolio decisions myself or delegat‐

ing the task to a robo advisor which is specialised in this field. (correct) 

Appendix C. The Tasks 
Appendix C.1. Task 1 (Treatment �Self�) 

There are two shares to choose from: share Y and share Z. The dividend payments of 
the two companies are independent random processes with two possible configurations: 
ECU 8 and ECU 0, and with an expected value of ECU 4. In the table you can see how 
high the dividend payments of the two shares were in the last 10 years. 

Table A1. Dividend payments of the shares in task 1 of treatment �Self�. 

  2012  2013 2014  2015  2016  2017  2018  2019  2020  2021  2022 
Share Y ECU 8 ECU 0 ECU 8 ECU 8 ECU 8  ECU 0 ECU 8 ECU 0  ECU 0  ECU 0  ? 
Share Z ECU 0 ECU 0 ECU 8 ECU 0 ECU 8  ECU 8 ECU 0 ECU 0  ECU 8  ECU 8  ? 

You may choose two shares. As payment you receive the risk‐adjusted dividends of 
the two selected shares. The risk‐adjusted dividend corresponds to the dividend payment 
divided by the variance of the dividend payments of the selected portfolio. Depending on 
the portfolio selected, you thus receive the risk‐adjusted dividends of 2 Y shares, of 2 Z 
shares, or of 1 Y share + 1 Z share. As the dividend payments are determined by a random 
process, it is not only the content of the portfolio which determines your payment, but 
also luck. Which event (ECU 8 or ECU 0) occurs in the case of the two shares is determined 
separately by drawing lots for each round of the experimental survey. 
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You can make the portfolio decisions yourself or delegate them to an algorithm (robo 
advisor). The robo advisor  is specialised  in making meaningful portfolio decisions and 
takes all of the relevant information into account in an optimal way. However, the robo 
advisor also does not know which random event (ECU 8 or ECU 0) will occur as the div‐
idend of the shares. In other words, even when the robo advisor is used, luck determines 
the payment to a certain extent. 

Now make your choice! 
o I will let the robo advisor decide; 

I will decide myself and choose: 
o 2 Y shares; 
o 2 Z shares; 
o 1 Y share + 1 Z share. 

Appendix C.2. Task 2 (Treatment �Self�) 
There are two shares to choose from: share X and share Q. The dividend payments 

of  the  two companies are  independent random processes with  two possible configura‐
tions: ECU 4 and ECU 0, and with an expected value of ECU 2. In the table you can see 
how high the dividend payments of the two shares were in the last 10 years. 

Table A2. Dividend payments of the shares in task 2 of treatment �Self�. 

  2012  2013  2014  2015  2016  2017  2018  2019  2020  2021  2022 
Share X ECU 0 ECU 0 ECU 4 ECU 0 ECU 0 ECU 0 ECU 4 ECU 4 ECU 4 ECU 4  ? 
Share Q ECU 0 ECU 4 ECU 4 ECU 4 ECU 0 ECU 4 ECU 0 ECU 0 ECU 4 ECU 0  ? 

You may choose four shares. As payment you receive the risk‐adjusted dividends of 
the four selected shares. The risk‐adjusted dividend corresponds to the dividend payment 
divided by the variance of the dividend payments of the selected portfolio. Depending on 
the portfolio selected, you thus receive the risk‐adjusted dividends of 4 X shares, of 4 Q 
shares, of 3 X shares + 1 Q share, of 3 Q shares + 1 X share, or of 2 X shares + 2 Q shares. 
As the dividend payments are determined by a random process, it is not only the content 
of the portfolio which determines your payment, but also luck. Which event (ECU 4 or 
ECU 0) occurs in the case of the two shares is determined separately by drawing lots for 
each round of the experimental survey. 

You can make the portfolio decisions yourself or delegate them to an algorithm (robo 
advisor). The robo advisor  is specialised  in making meaningful portfolio decisions and 
takes all of the relevant information into account in an optimal way. However, the robo 
advisor also does not know which random event (ECU 4 or ECU 0) will occur as the div‐
idend of the shares. In other words, even when the robo advisor is used, luck determines 
the payment to a certain extent. 

Now make your choice! 
o I will let the robo advisor decide; 

I will decide myself and choose: 
o 4 X shares; 
o 4 Q shares; 
o 3 X shares + 1 Q share; 
o 3 Q shares + 1 X share; 
o 2 Q shares + 2 X shares. 

Appendix C.3. Task 3 (Treatment �Self�) 
There are two shares from a specific sector of industry to choose from (share K and 

share L). In the table you can see how high the dividend payments of the two shares were 
in the last 10 years. When business is good in the sector, the dividend of share K is ECU 
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6, and that of share L is ECU 7. When business is poor in the sector, the dividend of share 
K is ECU 2, and that of share L is ECU 1. The business situation in the sector can vary from 
year to year and thus has to be viewed as a random process: the probability of the business 
situation being either good or poor in 2022 is 50% in each case. 

Table A3. Dividend payments of the shares in task 3 of treatment �Self�. 

  2012  2013  2014  2015  2016  2017  2018  2019  2020  2021  2022 
Share K ECU 2 ECU 6 ECU 2 ECU 6 ECU 6 ECU 6 ECU 2 ECU 6 ECU 2 ECU 2  ? 
Share L ECU 1 ECU 7 ECU 1 ECU 7 ECU 7 ECU 7 ECU 1 ECU 7 ECU 1 ECU 1  ? 

You may choose two shares. As payment you receive the risk‐adjusted dividends of 
the two selected shares. The risk‐adjusted dividend corresponds to the dividend payment 
divided by the variance of the dividend payments of the selected portfolio. Depending on 
the portfolio selected, you thus receive the risk‐adjusted dividends of 2 K shares, of 2 L 
shares, or of 1 K share + 1 L share. As the dividend payments are determined by a random 
process, it is not only the content of the portfolio which determines your payment, but 
also luck. Which event (good or poor economic situation in the sector) occurs in the case 
of the two shares is determined separately by drawing lots for each round of the experi‐
mental survey. 

You can make the portfolio decisions yourself or delegate them to an algorithm (robo 
advisor). The robo advisor  is specialised  in making meaningful portfolio decisions and 
takes all of the relevant information into account in an optimal way. However, the robo 
advisor also does not know which random event (good or poor economic situation in the 
sector) will occur as the dividend of the shares. In other words, even when the robo advi‐
sor is used, luck determines the payment to a certain extent. 

Now make your choice! 
o I will let the robo advisor decide; 

I will decide myself and choose: 
o 2 K shares; 
o 2 L shares; 
o 1 K share + 1 L share. 

Appendix C.4. Task 4 (Treatment �Self�) 
There are two shares from a specific sector of industry to choose from (share M and 

share P). In the table you can see how high the dividend payments of the two shares were 
in the last 10 years. When business is good in the sector, the dividend of share M is ECU 
4, and that of share P is ECU 3. When business is poor in the sector, the dividend of share 
M is ECU 0, and that of share P is ECU 1. The business situation in the sector can vary 
from year to year and thus has to be viewed as a random process: the probability of the 
business situation being either good or poor in 2022 is 50% in each case. 

Table A4. Dividend payments of the shares in task 4 of treatment �Self�.

  2012  2013  2014  2015  2016  2017  2018  2019  2020  2021  2022 
Share M ECU 4 ECU 0 ECU 4 ECU 0 ECU 0 ECU 0 ECU 4 ECU 4 ECU 0 ECU 4  ? 
Share P ECU 3 ECU 1 ECU 3 ECU 1 ECU 1 ECU 1 ECU 3 ECU 3 ECU 1 ECU 3  ? 

You may choose four shares. As payment you receive the risk‐adjusted dividends of 
the four selected shares. The risk‐adjusted dividend corresponds to the dividend payment 
divided by the variance of the dividend payments of the selected portfolio. Depending on 
the portfolio selected, you thus receive the risk‐adjusted dividends of 4 M shares, of 4 P 
shares, of 3 M shares + 1 P share, of 3 P shares + 1 M share, or of 2 M shares + 2 P shares. 
As the dividend payments are determined by a random process, it is not only the content 
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of the portfolio which determines your payment, but also luck. Which event (good or poor 
economic situation in the sector) occurs in the case of the two shares is determined sepa‐
rately by drawing lots for each round of the experimental survey. 

You can make the portfolio decisions yourself or delegate them to an algorithm (robo 
advisor). The robo advisor  is specialised  in making meaningful portfolio decisions and 
takes all of the relevant information into account in an optimal way. However, the robo 
advisor also does not know which random event (good or poor economic situation in the 
sector) will occur as the dividend of the shares. In other words, even when the robo advi‐
sor is used, luck determines the payment to a certain extent. 

Now make your choice! 
o I will let the robo advisor decide; 

I will decide myself and choose: 
o 4 M shares; 
o 4 P shares; 
o 3 M shares + 1 P share; 
o 3 P shares + 1 M share;

o 2 M shares + 2 P shares. 

Appendix C.5. Task 1 (Treatment �Representative�) 
There are two shares to choose from: share Y and share Z. The dividend payments of 

the two companies are independent random processes with two possible configurations: 
ECU 8 and ECU 0, and with an expected value of ECU 4. In the table you can see how 
high the dividend payments of the two shares were in the last 10 years. 

Table A5. Dividend payments of the shares in task 1 of treatment �Representative�. 

  2012  2013  2014  2015  2016  2017  2018  2019  2020  2021  2022 
Share Y ECU 8 ECU 0 ECU 8 ECU 8 ECU 8 ECU 0 ECU 8 ECU 0 ECU 0 ECU 0  ? 
Share Z ECU 0 ECU 0 ECU 8 ECU 0 ECU 8 ECU 8 ECU 0 ECU 0 ECU 8 ECU 8  ? 

You may choose two shares. As compensation, the risk‐adjusted dividends are paid 
from  the  two  selected  shares. The  risk‐adjusted dividend  corresponds  to  the dividend 
payment divided by the variance of the dividend payments of the selected portfolio. De‐
pending on the portfolio selection, the risk‐adjusted dividend of 2 Y shares, of 2 Z shares, 
or of 1 Y share + 1 Z share is paid out. As the dividend payments are determined by a 
random process, it is not only the content of the portfolio which determines your payment, 
but also luck. Which event (ECU 8 or ECU 0) occurs in the case of the two shares is deter‐
mined separately by drawing lots for each round of the experimental survey. 

You can make the portfolio decisions yourself or delegate them to an algorithm (robo 
advisor). The robo advisor  is specialised  in making meaningful portfolio decisions and 
takes all of the relevant information into account in an optimal way. However, the robo 
advisor also does not know which random event (ECU 8 or ECU 0) will occur as the div‐
idend of the shares. In other words, even when the robo advisor is used, luck determines 
the payment to a certain extent. 

The payment which you achieve with your decision is received by one of the other 
participants and not by you. This other participant might ask you to justify your choices, 
so you should think carefully about the decisions you make. 

Now make your choice! 
o I will let the robo advisor decide; 

I will decide myself and choose: 
o 2 Y shares; 
o 2 Z shares; 
o 1 Y share + 1 Z share. 
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Appendix C.6. Task 2 (Treatment �Representative�) 
There are two shares to choose from: share X and share Q. The dividend payments 

of  the  two companies are  independent random processes with  two possible configura‐
tions: ECU 4 and ECU 0, and with an expected value of ECU 2. In the table you can see 
how high the dividend payments of the two shares were in the last 10 years. 

Table A6. Dividend payments of the shares in task 2 of treatment �Representative�. 

  2012  2013  2014  2015  2016  2017  2018  2019  2020  2021  2022 
Share X ECU 0 ECU 0 ECU 4 ECU 0 ECU 0 ECU 0 ECU 4 ECU 4 ECU 4 ECU 4  ? 
Share Q ECU 0 ECU 4 ECU 4 ECU 4 ECU 0 ECU 4 ECU 0 ECU 0 ECU 4 ECU 0  ? 

You may choose four shares. As compensation, the risk‐adjusted dividends are paid 
from  the  four selected shares. The risk‐adjusted dividend corresponds  to  the dividend 
payment divided by the variance of the dividend payments of the selected portfolio. De‐
pending on the portfolio selection, the risk‐adjusted dividend of 4 X shares, of 4 Q shares, 
of 3 X shares + 1 Q share, of 3 Q shares + 1 X share, or of 2 X shares + 2 Q shares is paid 
out. As  the dividend payments are determined by a random process,  it  is not only the 
content of the portfolio which determines your payment, but also luck. Which event (ECU 
4 or ECU 0) occurs in the case of the two shares is determined separately by drawing lots 
for each round of the experimental survey. 

You can make the portfolio decisions yourself or delegate them to an algorithm (robo 
advisor). The robo advisor  is specialised  in making meaningful portfolio decisions and 
takes all of the relevant information into account in an optimal way. However, the robo 
advisor also does not know which random event (ECU 4 or ECU 0) will occur as the div‐
idend of the shares. In other words, even when the robo advisor is used, luck determines 
the payment to a certain extent. 

The payment which you achieve with your decision is received by one of the other 
participants and not by you. This other participant might ask you to justify your choices, 
so you should think carefully about the decisions you make. 

Now make your choice! 
o I will let the robo advisor decide; 

I will decide myself and choose: 
o 4 X shares; 
o 4 Q shares; 
o 3 X shares + 1 Q share; 
o 3 Q shares + 1 X share; 
o 2 Q shares + 2 X shares. 

Appendix C.7. Task 3 (Treatment �Representative�) 
There are two shares from a specific sector of industry to choose from (share K and 

share L). In the table you can see how high the dividend payments of the two shares were 
in the last 10 years. When business is good in the sector, the dividend of share K is ECU 
6, and that of share L is ECU 7. When business is poor in the sector, the dividend of share 
K is ECU 2, and that of share L is ECU 1. The business situation in the sector can vary from 
year to year and thus has to be viewed as a random process: the probability of the business 
situation being either good or poor in 2022 is 50% in each case. 
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Table A7. Dividend payments of the shares in task 3 of treatment �Representative�. 

  2012  2013  2014  2015  2016  2017  2018  2019  2020  2021  2022 
Share K ECU 2 ECU 6 ECU 2 ECU 6 ECU 6 ECU 6 ECU 2 ECU 6 ECU 2 ECU 2  ? 
Share L ECU 1 ECU 7 ECU 1 ECU 7 ECU 7 ECU 7 ECU 1 ECU 7 ECU 1 ECU 1  ? 

You may choose two shares. As compensation, the risk‐adjusted dividends are paid 
from  the  two  selected  shares. The  risk‐adjusted dividend  corresponds  to  the dividend 
payment divided by the variance of the dividend payments of the selected portfolio. De‐
pending on the portfolio selection, the risk‐adjusted dividend of 2 K shares, of 2 L shares, 
or of 1 K share + 1 L share is paid out. As the dividend payments are determined by a 
random process, it is not only the content of the portfolio which determines your payment, 
but also luck. Which event (good or poor economic situation in the sector) occurs in the 
case of  the  two shares  is determined separately by drawing  lots  for each round of  the 
experimental survey. 

You can make the portfolio decisions yourself or delegate them to an algorithm (robo 
advisor). The robo advisor  is specialised  in making meaningful portfolio decisions and 
takes all of the relevant information into account in an optimal way. However, the robo 
advisor also does not know which random event (good or poor economic situation in the 
sector) will occur as the dividend of the shares. In other words, even when the robo advi‐
sor is used, luck determines the payment to a certain extent. 

The payment which you achieve with your decision is received by one of the other 
participants and not by you. This other participant might ask you to justify your choices, 
so you should think carefully about the decisions you make. 

Now make your choice! 
o I will let the robo advisor decide; 

I will decide myself and choose: 
o 2 K shares; 
o 2 L shares; 
o 1 K share + 1 L share. 

Appendix C.8. Task 4 (Treatment �Representative�) 
There are two shares from a specific sector of industry to choose from (share M and 

share P). In the table you can see how high the dividend payments of the two shares were 
in the last 10 years. When business is good in the sector, the dividend of share M is ECU 
4, and that of share P is ECU 3. When business is poor in the sector, the dividend of share 
M is ECU 0, and that of share P is ECU 1. The business situation in the sector can vary 
from year to year and thus has to be viewed as a random process: the probability of the 
business situation being either good or poor in 2022 is 50% in each case.

Table A8. Dividend payments of the shares in task 4 of treatment �Representative�. 

  2012  2013  2014  2015  2016  2017  2018  2019  2020  2021  2022 
Share M ECU 4 ECU 0 ECU 4 ECU 0 ECU 0 ECU 0 ECU 4 ECU 4 ECU 0 ECU 4  ? 
Share P ECU 3 ECU 1 ECU 3 ECU 1 ECU 1 ECU 1 ECU 3 ECU 3 ECU 1 ECU 3  ? 

You may choose four shares. As compensation, the risk‐adjusted dividends are paid 
from  the  four selected shares. The risk‐adjusted dividend corresponds  to  the dividend 
payment divided by the variance of the dividend payments of the selected portfolio. De‐
pending on the portfolio selection, the risk‐adjusted dividend of 4 M shares, of 4 P shares, 
of 3 M shares + 1 P share, of 3 P shares + 1 M share, or of 2 M shares + 2 P shares is paid 
out. As  the dividend payments are determined by a random process,  it  is not only the 
content of the portfolio which determines your payment, but also luck. Which event (good 
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or poor economic situation in the sector) occurs in the case of the two shares is determined 
separately by drawing lots for each round of the experimental survey. 

You can make the portfolio decisions yourself or delegate them to an algorithm (robo 
advisor). The robo advisor  is specialised  in making meaningful portfolio decisions and 
takes all of the relevant information into account in an optimal way. However, the robo 
advisor also does not know which random event (good or poor economic situation in the 
sector) will occur as the dividend of the shares. In other words, even when the robo advi‐
sor is used, luck determines the payment to a certain extent. 

The payment which you achieve with your decision is received by one of the other 
participants and not by you. This other participant might ask you to justify your choices, 
so you should think carefully about the decisions you make. 

Now make your choice! 
o I will let the robo advisor decide; 

I will decide myself and choose: 
o 4 M shares; 
o 4 P shares;

o 3 M shares + 1 P share; 
o 3 P shares + 1 M share; 
o 2 M shares + 2 P shares. 
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Chapter VII – Interest Rate Forecasts in Latin America 

Abstract 

Purpose – This paper aims to assess the quality of interest rate forecasts for the money markets 

in Argentina, Brazil, Chile, Mexico and Venezuela for the period between 2001 and 2019. Future 

interest rate trends are of key significance for many business-related decisions. Thus, reliable 

interest rate forecasts are essential, for example, for banks that make profits by carrying out 

maturity transformations.  

Design/methodology/approach – The data that we analyze were collected by Consensus 

Economics through a monthly survey with over 120 renowned economists and were published 

between 2001 and 2019 in the journal Latin American Consensus Forecasts. The authors use the 

Diebold-Mariano test, the sign accuracy test, the TOTA coefficient and the unbiasedness test to 

determine the precision and biasedness of the forecasts. 

Findings – The research reveals that the forecasting work carried out in Brazil, Chile and Mexico 

is remarkably successful. The quality of forecasts from Argentina and Venezuela, on the other 

hand, is significantly poorer. 

Originality/value – Over 50 studies have already been published with regard to the accuracy of 

interest rate forecasts, emphasizing the importance of the topic. However, interest rate forecasts 

for Latin American money markets have hardly been considered thus far. The paper closes this 

research gap. Overall, the analyzed database amounts to a total of 209 forecast time series with 

28,451 individual interest rate forecasts. This study is thus far more comprehensive than all 

previous studies. 
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Chapter VIII – Sticky Stock Market Analysts 

Abstract 

Technological progress in recent years has made new methods available for making forecasts in 

a variety of areas. We examine the success of ex-ante stock market forecasts of three major stock 

market indices, i.e., the German Stock Market Index (DAX), the Dow Jones Industrial Index (DJI), 

and the Euro Stoxx 50 (SX5E). We test whether the forecasts prove true when they reach their 

effective dates and are therefore suitable for active investment strategies. We revive the 

thoughts of the American sociologist William Fielding Ogburn, who argues that forecasters 

consistently underestimate the variability of the future. In addition, we draw on some 

contemporary measures of forecast quality (prediction-realization diagram, test of unbiasedness, 

and Diebold–Mariano test). We reveal that (a) unusual events are underrepresented in the 

forecasts, (b) the dispersion of the forecasts lags behind that of the actual events, (c) the slope of 

the regression lines in the prediction-realization diagram is <1, (d) the forecasts are highly biased, 

and (e) the quality of the forecasts is not significantly better than that of naïve forecasts. The 

overall behavior of the forecasters can be described as "sticky" because their forecasts adhere 

too strongly to long-term trends in the indices and are thus characterized by conservatism. 

Keywords 

Stock market forecasting, forecasting bias, variability of reality, conservatism of predictors. 
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Abstract: Technological progress in recent years has made new methods available for making
forecasts in a variety of areas. We examine the success of ex-ante stock market forecasts of three major
stock market indices, i.e., the German Stock Market Index (DAX), the Dow Jones Industrial Index
(DJI), and the Euro Stoxx 50 (SX5E). We test whether the forecasts prove true when they reach their
effective dates and are therefore suitable for active investment strategies. We revive the thoughts
of the American sociologist William Fielding Ogburn, who argues that forecasters consistently
underestimate the variability of the future. In addition, we draw on some contemporary measures of
forecast quality (prediction-realization diagram, test of unbiasedness, and Diebold–Mariano test).
We reveal that (a) unusual events are underrepresented in the forecasts, (b) the dispersion of the
forecasts lags behind that of the actual events, (c) the slope of the regression lines in the prediction-
realization diagram is <1, (d) the forecasts are highly biased, and (e) the quality of the forecasts is
not significantly better than that of naïve forecasts. The overall behavior of the forecasters can be
described as “sticky” because their forecasts adhere too strongly to long-term trends in the indices
and are thus characterized by conservatism.

Keywords: stock market forecasting; forecasting bias; variability of reality; conservatism of predictors

JEL Classification: D83; D84; D91; G17; G41

1. Introduction

Capital market forecasts often show a closer connection to the capital market develop-
ment of the present than to the capital market development of the future. This phenomenon
is known as topically orientated trend adjustment (Andres and Spiwoks 1999). It occurs
equally in share price forecasts, interest rate forecasts, exchange rate forecasts, and com-
modity price forecasts (see, e.g., Filiz et al. 2019; Kunze et al. 2018; Spiwoks et al. 2015;
Spiwoks and Hein 2007). A tendency to underestimate the variability of reality could be an
important cause (Spiwoks et al. 2015).

The American sociologist William Fielding Ogburn discovers almost 90 years ago that
forecasters systematically underestimate the actual variability of reality (Ogburn 1934).
He provides a concrete research approach to identify such behavior. Presumably because
Ogburn deals with the prognosis of sporting events and not with the prognosis of economic
events, he has so far not been noticed by economic research.

During an empirical analysis of the forecasting behavior of experts and lay people,
Ogburn (1934) concludes that the variability of reality is consistently underestimated. He
traces this back to a tendency which he calls the “conservatism of the predictors”. In detail,
he is referring to:

1. Unusual events (e.g., a sudden drop in an otherwise rising trendline) are forecasted
more seldom than they occur in reality, whereas normal events (e.g., a recently rising
trendline continuing to rise) are over-represented in forecasts.
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2. The standard deviation of the forecasts is lower than the standard deviation of the
actual events.

3. The extent of the forecasted changes lags behind the scale of the actual changes.

Active investment strategies have been popular since the emergence of modern stock
markets (Maxwell and van Vuuren 2019; Lofthouse 1996; Friend and Vickers 1965; Cowles
1933). In order to successfully design active investment strategies such as market tim-
ing, stock picking, or index picking, forecasts of future stock market developments are
indispensable. New forecasting methods are constantly being discussed: econometric
models (Goyal et al. 2021; Chen and Vincent 2016; Welch and Goyal 2008), artificial neural
networks (Rajab and Sharma 2019; Atsalakis and Valavanis 2009), artificial intelligence
(Mallikarjuna and Rao 2019), capital market simulations with multi-agent models (Yang
et al. 2020; Krichene and El-Aroui 2018; Arthur et al. 1997), modelling based on the ex-
pectations of capital market agents (Atmaz et al. 2021; Greenwood and Shleifer 2014),
and neuro-psycho-economics approaches (Ortiz-Teran et al. 2019; Kandasamy et al. 2016;
Werner et al. 2009). However, testing these approaches using ex-post forecasts in an out-of-
sample data domain repeatedly leads to apparent forecasting successes that then may not
materialize in real ex-ante settings (Kazak and Pohlmeier 2019). When the variability of
reality is systematically underestimated, this can contribute towards very costly errors in
the field of stock market forecasts. Under certain circumstances, basing active investment
strategies on inappropriate stock market forecasts can lead to serious losses and even
bankruptcy, when expected returns do not occur. Due to the necessity of reliable forecasts
for a successful active investment strategy, stock market forecasting is a dynamic field
of research.

The reliability of stock market forecasts is rarely examined. There are many studies on
pre-tax profit forecasts (Ramnath et al. 2008), but research on the success of actual ex-ante
forecasts in stock prices, stock market indices, or stock market returns are still a rarity. So
far, it has not been in the focus of research whether stock market forecasts are characterized
by a systematic underestimation of the variability of reality as found by Ogburn (1934).
This research gap is even more surprising because the necessary investigation tools have
long been available in the form of Theil’s prediction-realization diagram and the test
for unbiasedness. We raise the question of how successful experts were in forecasting
major stock indices (DAX, Dow Jones Industrial Index, Euro Stoxx 50) in the period from
1992 to 2020. We use Ogburn’s (1934) examination instruments. But we also go beyond
this and use current standard procedures such as the comparison to the naïve forecasts
(Diebold–Mariano test) and the unbiasedness test.

The forecasts turn out to be quite unreliable. Indeed, forecasters underestimate the
variability of reality. This offers interesting starting points for improving the forecast-
ing process.

2. Literature Review
2.1. Technological Progress in Stock Market Forecasting

There is a rich literature on the appliance of advanced econometric methodology
in the forecasting process in order to identify meaningful predictors for future events.
Guo (2006) uses ordinary and dynamic least squares regressions to analyze whether four
different variables can be used as predictors for stock returns. The study concludes that
the consumption-wealth ratio can indeed be used for statistically significant forecasts.
Chen and Vincent (2016) also use different econometric models applied to full-sample
approaches and out-of-sample approaches in order to analyze the informational value
of different variables for the development of the Standard and Poor’s 500 index (S&P
500) for the period 1964 to 2011. They conclude that the market momentum and the
investor sentiment can indeed serve as potential predictors for bear markets. In a similar
study, Neely et al. (2014) find that adding technical variables to the commonly used
macroeconomic predictors can significantly improve the quality of forecasts for the equity
risk premium.
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Welch and Goyal (2008) examine the informative value of 13 frequently used variables
such as dividend yields or inflation. In contrast to the researchers mentioned above, they find
that none of the 13 variables can be used to predict the S&P 500 index returns from 1926 to
2004 neither in-sample nor out-of-sample. Quite importantly, they also find that none of the
information available at the time of a potential investment decision would have helped to gain
an idea of future developments. A couple of years later, the same authors extend their research
to 29 additional variables that have been brought up in the discussion in the meantime. In spite
of the advances in research methods, they still diagnose a poor usefulness in predicting the
equity premium in-sample and out-of-sample (Goyal et al. 2021).

Bahrami et al. (2018) add to the research by finding that even though most variables
themselves do not lead to significant forecasts, combining forecasts from individual predic-
tive models significantly improves the quality of stock return forecasts for ten advanced
emerging markets across the globe.

Whereas most studies cited above apply OLS regression models, Nyberg (2013) ex-
amines the suitability of dynamic binary time series models for predicting the S&P 500
index between 1957 and 2010. The author concludes that both in-sample and out-of-sample,
dynamic binary time series models are able to successfully forecast bull and bear markets.

A very dynamic research area is capital market simulation with multi-agent models.
Heterogeneous agents interact with one another on an artificial stock market. Their demand
for shares and their supply of shares are brought together in a stock exchange, so that the
development of the share prices results from the actions of the individual agents. These
in turn observe the development of the share price and adjust their further behavior to
the development of the share price. In this way, the special dynamics of interactions on
stock markets can be modeled and examined more closely. The artificial stock markets
are validated using the stylized facts (e.g., fat tails, gain-loss asymmetry, volatility cluster-
ing, volume-volatility correlation). The price patterns of artificial stock markets should
correspond to the price patterns of real stock markets.

The first highlight of this research area is the Santa Fe Artificial Stock Market (Arthur
et al. 1997). The Frankfurt Artificial Stock Market (Hein et al. 2012) also takes into account a
realistic stock exchange mechanism, different communication structures between the agents,
and different investment philosophies of the agents. Recently, for example, information
asymmetries (Krichene and El-Aroui 2018), memory length and confidence level (Bertella
et al. 2014), risk preference (Chen and Huang 2008), tick size systems (Yang et al. 2020), and
different types of stocks (Ponta and Cincotti 2018) have been taken into account in artificial
stock markets. Artificial stock markets have the significant advantage that extreme events
(crashes) can be observed more frequently and can be better analyzed than on real stock
markets. The decisive disadvantage of the artificial stock markets is that the models are
still too abstract to lead to very concrete share price forecasts.

Another very dynamic research area uses survey data to examine the expectations
of capital market players more closely (e.g., Atmaz et al. 2021; Cassella and Gulen 2019;
Cassella and Gulen 2018; Greenwood and Shleifer 2014). In some approaches, different
types of investors (lay people vs. professionals or contrarians vs. extrapolators) are taken
into account. The different expectations of these investor groups are then used to develop
models for describing or forecasting share price developments. These approaches appear
particularly promising because the special importance of the expectations for capital market
events is emphasized. In addition, real capital market data are linked with survey data on
the expectations of capital market players in a very differentiated manner. In contrast to
the approaches of capital market simulation based on multi-agent models, these research
approaches remain close to the observable reality of price formation on the stock markets.

In recent years, there have also been promising results regarding neuro-fuzzy systems
used for stock price forecasting. For example, Atsalakis and Valavanis (2009) create a neuro-
fuzzy system that outperforms a traditional “buy and hold”-strategy regarding the Athens
and the New York Stock Exchange. Even in a direct comparison to econometric methods,
Rajab and Sharma (2019) show that neuro-fuzzy approaches to forecasting the Bombay
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Stock Exchange, CNX Nifty, and S&P 500 can significantly outperform multiple regression
analysis models or generalized autoregressive conditional heteroscedasticity models.

On the other hand, Mallikarjuna and Rao (2019) find that traditional linear and non-
linear models are more accurate at forecasting daily stock market returns of selected indices
from developed, emerging, and frontier markets for the period 2000 to 2018 than newly
emerged artificial intelligence and frequency domain models. However, neither of the four
models nor hybrid approaches provide satisfying results across the markets in their study.

In the field of neuro-psycho-economic approaches, Kandasamy et al. (2016) show that
interoception, i.e., the perception of physiological signals from within the body, seems to
play a role in the success of professional financial traders. Werner et al. (2009) also show
that people with good cardiac perception perform better when choosing between profit
and loss options.

In the context of ex-post forecasts in the out-of-sample area, these approaches some-
times show enormous potential. However, many of these approaches have yet to prove
their suitability for actual ex-ante forecasts. Their informative value for ex-ante forecasts
might be limited due to, for example, differences in estimation risk and low statistical
power (Kazak and Pohlmeier 2019).

2.2. Ex-Ante Stock Market Forecasts

The actual success of stock market forecasts is thus best checked against real ex-ante
forecasts. In the area of interest rate forecasts, the evaluation of continuously published
forecasts has a long tradition (Filiz et al. 2021; Fassas et al. 2021; Filiz et al. 2019; Kunze
et al. 2017; Miah et al. 2016; Pierdzioch 2015; Baghestani et al. 2015; Oliver and Pasaogullari
2015; Spiwoks et al. 2015). In the area of stock market forecasting, however, there are only
a small number of studies that check continuously published stock market forecasts for
their reliability (see the synoptic overview in Table 1).

Lakonishok (1980) analyzes forecasts for the S&P 425 index in the period from 1947 to
1974. He concludes that the reliability of the forecasts does not go recognizably beyond
that of naïve forecasts. In this context, a naïve forecast is defined as the assumption that
the prevailing value for the variable being forecast at the time the forecast is made will also
prevail in the future. In addition, the forecasts are biased and systematically underestimate
the returns of the S&P 425. Dimson and Marsh (1984) analyze the forecasted returns of
206 selected British shares in the period from 1980 to 1981. The authors conclude that the
forecasts are successful and can lead to systematic excess returns. Fraser and MacDonald
(1993) examine forecasts for the development of the French CAC 40 index in the period
from 1984 to 1987. This reveals that the forecasts are less reliable than naïve forecasts.
Furthermore, it is evident that the forecasts tend to be oriented towards the present rather
than the future.

Spiwoks (2004) and Spiwoks and Hein (2007) consider forecasts for six international
share indices (the Dow Jones Industrial Index, the DAX, the FT-SE 100, the CAC 40, MIBtel,
and the Nikkei 225) issued in the period from 1994 to 2004. The results are very similar.
Almost without exception, the forecast time series exhibit greater forecasting errors than
the respective naïve forecast. In addition, they exhibit topically orientated trend adjustment
(Andres and Spiwoks 1999). In other words, they reflect the present situation more than
anything else, and hardly provide any insights into future trends.

Benke (2006) examines DAX forecasts for the period from 1992 to 2005. He establishes
that the forecasters consistently underestimate the extent of the actual changes. Bacchetta
et al. (2009) analyze forecasts for the Dow Jones Industrial Index and the Nikkei 225 in the
period from 1998 to 2005. The authors conclude that the forecasts are suitable for achieving
systematic excess returns. Fujiwara et al. (2013) observe TOPIX forecasts in the years from
1998 to 2010. They argue that the forecasters are too strongly orientated towards their
previous forecasts and systematically underestimate the actual trends of the TOPIX.

141



J. Risk Financial Manag. 2021, 14, 593 5 of 27

Table 1. Synoptic overview of studies on ex-ante stock market forecasts.

Study Subject of the Forecast Methods Time Scale Result

Lakonishok (1980) S&P 425
Unbiasedness test with
Theil–Sen estimator, Theil’s U,
turning point errors

1947–1974 −

Dimson and Marsh (1984) Selected British shares
Comparison of forecast and
actual return via t-test,
Unbiasedness test

1980–1981 +

Fraser and MacDonald (1993) CAC 40 Unbiasedness test, root mean
squared error 1984–1987 −

Spiwoks (2004)
Dow Jones Industrial Index,
DAX, FT-SE 100, CAC 40,
MIBtel, and the Nikkei 225

Analysis of turning point errors,
Theil’s U, TOTA coefficient 1994–2004 −

Benke (2006) DAX

Comparison of absolute
frequencies regarding
forecasting errors, direction of
error, and comparison to naïve
forecasts without statistical test

1992–2005 −

Spiwoks and Hein (2007)
Dow Jones Industrial Index,
DAX, FT-SE 100, CAC 40,
MIBtel, and the Nikkei 225

Root mean squared relative error,
mean absolute relative error 1994–2004 −

Bacchetta et al. (2009) Dow Jones Industrial Index,
and Nikkei 225 Log Regression 1998–2005 +

Fujiwara et al. (2013) TOPIX Augmented Dickey–Fuller test,
ADF-Fisher chi-square test 1998–2010 −

+ = Overall, the forecasts are assessed as good; − = overall, the forecasts are assessed as being flawed.

As we want to consider the abilities of professional stock market analysts, experimental
studies in which the subjects are asked to make stock market forecasts themselves (e.g.,
Theissen 2007; De Bondt 1993) are not considered here.

2.3. Hypotheses

Capital market forecasts often describe the present rather than the future. Spiwoks
et al. (2015) cite the systematic underestimation of the variability of reality as a possible
reason for the phenomenon of topically oriented trend adjustments in capital market
forecasts. The American sociologist William Fielding Ogburn (1934) is the first to address
the systematic underestimation of the variability of reality in predicting future events. He
presumes that (1) unusual events (e.g., a sudden drop in an otherwise rising trendline) are
forecasted too seldom, that (2) the standard deviation of the forecasts is lower than the
standard deviation of the actual events, and that (3) the forecasted changes lag behind the
actual changes.

We check whether the forecasts for the German Stock Market Index (DAX), the Dow
Jones Industrial Index (DJI) and the Euro Stoxx 50 (SX5E) also show these three properties.
In formulating the hypotheses, we assume that the observations made by Ogburn (1934)
who investigated forecasts of sporting events also apply to stock market forecasts.

Unlike the DAX, the DJI and the SX5E are price indices. Nevertheless, their long-term
development is considered to be non-stationary. Over the long term, a rising trend can
be recognized in all three stock indices. To this extent, it is simple to define unusual and
normal events. A normal event is an increase in the share price index. An unusual event is
a decrease in the share price index. Hypotheses 1 and 2 are therefore:
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Hypothesis 1. Falls in stock market indices are forecasted more seldom than they occur in reality.

Hypothesis 2. The standard deviation of the forecasted changes of the stock market indices is lower
than the standard deviation of the actual changes in the indices.

Should the systematical underestimation of the variability of reality be true in our
data basis, investors would be exposed to a high risk, as relatively large changes in trends,
also negative ones, would not be reflected adequately in the forecasts. The best way to test
this assumption is to compute a prediction-realization diagram (Theil 1958) that compares
the forecasted relative share price changes to the actual relative share price changes (as
described in the Methods section). If the forecast changes are smaller than the actual
changes, this leads to a regression line with a slope of <1 in the prediction-realization
diagram. Hypothesis 3 therefore reads:

Hypothesis 3. The slope of the regression lines in the prediction-realization diagram is lower than
one (slope < 1).

If the predicted changes lag behind the actual changes and it is thus true that the
forecasters are guided by conservatism, the forecasts are not unbiased. This can be verified
best by means of the test of unbiasedness using the Mincer–Zarnowitz regression (as
described in the Methods section). The use of the unbiasedness test is of particular interest
here because it can be used to determine whether the underestimation of the changes in
the prognosis object can be viewed as statistically significant. Hypothesis 4 is therefore:

Hypothesis 4. The forecasts prove to be biased.

An assessment of capital market forecasts is incomplete if the forecasts are not com-
pared to the naïve forecasts. In view of the results of previous studies (Spiwoks and Hein
2007; Spiwoks 2004; Fraser and MacDonald 1993; Lakonishok 1980), we expect that the
quality of the forecasts will not be significantly better than that of naïve forecasts. If this
is the case, investors should by no means consider the forecasts, as the naïve forecast is
readily available at any time. Hypothesis 5 is therefore:

Hypothesis 5. The quality of the forecasts is not significantly higher than that of naïve forecasts.

3. Data Basis

We evaluate DAX forecasts which were published between 1992 and 2020 in the
Handelsblatt newspaper (HB). The forecasts have a forecast horizon of one year. In addition,
we evaluate forecasts for the DAX and the Euro Stoxx 50 which were published in the period
from 2002 to 2020 in the Frankfurter Allgemeine Zeitung (FAZ). We also analyze forecasts
for the Dow Jones Industrial Index which were published between 2004 and 2020 in the
FAZ. The time scales differ as we have taken into account all stock price forecasts since
the beginning of their publication in order to get more meaningful results. These forecasts
have forecast horizons of six and twelve months (Table 2). We provide the dataset used
in our study as a Supplementary in an Excel format. The dataset comprises all analyzed
forecasts published annually in the Frankfurter Allgemeine Zeitung and Handelsblatt between
1992 and 2020.

143



J. Risk Financial Manag. 2021, 14, 593 7 of 27

Table 2. Data basis and summary statistics.

Source Subject Period N Min
(in %)

Max
(in %)

Median
(in %)

Mean
(in %) N Min

(in %)
Max

(in %)
Median
(in %)

Mean
(in %)

Forecast Horizon 6 Months Forecast Horizon 12 Months

HB DAX 1992–2020 NA NA NA NA NA 964 −25.16 72.85 8.08 8.76
FAZ DAX 2002–2020 282 −33.47 18.68 3.38 2.34 402 −25.16 45.20 8.14 8.94
FAZ DJI 2004–2020 203 −21.45 23.06 1.62 1.39 259 −20.24 42.43 6.07 5.95
FAZ SX5E 2002–2020 270 −34.63 22.57 3.24 2.32 381 −20.33 36.87 7.88 8.03

Σ 755 2006

HB = Handelsblatt; FAZ = Frankfurter Allgemeine Zeitung; DAX = German Stock Market Index; DJI = Dow Jones Industrial Index;
SX5E = Euro Stoxx 50; N = number of forecasts issued; Min = minimum; Max = maximum; NA = not available.

In Table 2, we also provide descriptive statistics and show both the minimum and
maximum predicted percentage index level changes as well as the median and mean value
of the predicted percentage index level changes for the examined data. The descriptive
statistics on forecast index level changes in Table 2 are shown in percentages to give a
clearer picture of the data. The institutes did not forecast percentage index level changes,
but rather the respective index levels. For example, M.M. Warburg & Co. predicted the
DAX index level at the end of the year 2009 at 3600 points. At the time the forecast was
issued, the DAX had an index level of 4810.20 points. Thus, the institute forecast the largest
price decline of 25.16%. The WGZ-Bank forecast the maximum percentage increase in the
index level of the DAX in 2003. While the DAX had an index level of 2892.63 points at the
time the forecast was made, the bank forecast a percentage increase of 72.85% to 5000 points
at the end of the year. On average, the institutes forecast an index level increase of the
DAX of 8.76% (median 8.08%) in the period considered from 1992 to 2020 (see Table A1
in Appendix A for more detailed descriptive statistics on our data basis). In Figure 1, we
provide an overview of the 12-month forecasts examined by showing the mean values of
the forecasts, the associated actual index values, and the naïve forecasts.

The forecasts are from private German banks such as Fürst Fugger Privatbank or
Bethmann Bank, from German state banks such as Helaba or Bayerische Landesbank, from
major German banks such as Deutsche Bank or Commerzbank, and from international
banks like Goldman Sachs, J.P. Morgan, or BNP Paribas. For a detailed overview of which
institutes published forecasts in which newspaper, see Appendices B and C.

The methods applied by the individual institutions in order to obtain their forecasts
are not disclosed. The forecasts are collected by HB and FAZ through annual quantitative
surveys. For example, at the end of 2019, the newspapers collected and published forecasts
that were drawn up for the middle and the end of 2020.

To the best of our knowledge, an analysis of the quality of actual ex-ante forecasts for
the Euro Stoxx 50 has not yet been the subject of the literature (Table 1). Ex-ante forecasts
of the Dow Jones Industrial Index and the DAX have also not been considered since 2005.
Since then, technological progress has led to the emergence of numerous new forecasting
tools and methods, which are discussed in our literature section. Overall, our data basis
consists of 2761 forecasts covering a period of time of up to 28 years per time series. We are
therefore convinced that an analysis of this data basis is a useful addition to the existing
literature on stock market forecasts.
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Figure 1. Means of 12M forecasts, actual index values, and naïve forecasts of the DAX, DJI, and SX5E.

4. Methods

Fundamentally, we follow Ogburn’s assessment of forecasting: Ogburn (1934) assumes
that forecasters suffer from conservatism. Therefore, we examine whether (1) unusual
events are forecast too infrequently, (2) the standard deviation of the forecasts is lower
than the standard deviation of the actual events, and (3) forecast changes lag behind actual
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changes. We consider these three aspects in the forecasts as a whole, but also individually
for all forecasters who issue forecasts for at least ten years. In addition, we also go
beyond Ogburn’s methodology and include some contemporary additions to address the
assessment of forecast quality from today’s perspective. As statistical tools to measure the
quality of the survey-based forecasts we use Theil’s prediction-realization diagram (Theil
1958), the test for the unbiasedness of the forecasts, and the Diebold–Mariano test for a
comparison to the respective naïve forecast.

We draw on the prediction-realization diagram for a qualitative assessment of fore-
casting errors. For this purpose, we first calculate the forecasted relative changes (ρPF)
and the realized relative actual stock price changes (ρPA). At shows the actual event at the
time for which the forecast is applied and At−h shows the actual event at the time when
the forecast was made.

ρPF =
Pt − At−h

At−h
and ρPA =

At − At−h
At−h

(1)

P = forecast of the actual event;
A = actual event;
t = time;
h = forecast horizon.

The forecasted percentage changes and the actual percentage changes are plotted and
compared in the prediction-realization diagram (Figure 2). The dashed diagonal line in the
prediction-realization diagram reflects the area in which the forecasted percentage changes
and the actual realized percentage changes coincide (perfect forecasts). A good forecast time
series is therefore characterized by the fact that the values are close to the diagonal. Using
an OLS regression, we examine whether the slope of the regression line resulting from the
forecasts considered is equal to one. When the variability of actual events is systematically
underestimated, the slope of the regression lines in the prediction-realization diagram
should be lower than one. A flat course of the regression lines (slope < 1) indicates an
underestimation of the actual changes.

For all forecasters who have been taking part in forecasting surveys for at least ten
years, we determine the slope of the regression lines individually. All of the other forecasts
are evaluated within the framework of the total number of forecasts analyzed and within
the framework of the consensus forecasts.

Furthermore, we perform the unbiasedness test using the Mincer–Zarnowitz regres-
sion (Mincer and Zarnowitz 1969) to examine whether forecasting errors are systematic.
The Mincer–Zarnowitz regression takes the following form:

At = α + β Pt + ut (2)

At = event that actually occurred in time t (dependent variable);
α = constant;
β = coefficient of the respective forecast;
Pt = forecast of the actual event in time t;
ut = error term in time t.

Based on this equation, forecasts are considered unbiased if α is not significantly
different to 0, and β is not significantly different to 1. Likewise, the error term ut may not
be autocorrelated. Forecasts are considered unbiased when, with a low probability of error,
the joint hypothesis of α = 0 and β = 1 does not have to be rejected. This is checked by
using the Wald test (Wald 1943). A further condition is the absence of autocorrelation in the
values of the error term ut, which is examined with the Wooldridge test (Wooldridge 2002).
If, according to these criteria, a forecast time series is unbiased, Granger and Newbold
(1974) argue that this by no means signifies that the forecasts are perfect. They merely do
not exhibit any systematic errors.
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Figure 2. Prediction-realization diagram following Theil (1958). I. The percentage increase of
the stock market index is overestimated. II. The percentage increase of the stock market index is
underestimated. III. The stock market index rises, although a fall is forecasted. IV. The percentage
decrease of the stock market index is overestimated. V. The percentage decrease of the stock market
index is underestimated. VI. The stock market index falls, although a rise is forecasted.

Finally, we compare the forecasts with the naïve forecast. A forecaster who has
obtained a notable insight into the future trend of the subject matter should at least be able
to make more accurate forecasts than if one were to always assume that nothing at all will
change (naïve forecast).

Simple measurements of forecast quality (such as the mean absolute squared error or
the mean squared error) enable us to make a comparison with a naïve forecast. However,
these simple approaches do not permit an assessment of statistical significance. This deficit
is remedied by using the Diebold–Mariano test (Diebold and Mariano 1995). To do so, we
calculate the mean squared error for the time series of the expert prognoses and for the
time series of the naïve forecasts. The test statistics of the Diebold–Mariano test are defined
as follows:

DM =
1
T ∑ (V(Pt 1) − V(Pt2))√

γ̂ d/T
(3)

T = number of observations;
V = loss function;
P1 = naïve forecast;
P2 = expert forecast;√

γ̂ d/T = joint spread of the two loss functions.

The null hypothesis tested in this way is that the naïve forecast (P1) and the expert
forecast (P2) have the same accuracy. Neither one of the two alternatives thus provides
clearly better results. The numerator is the mean deviation between the loss function V
of the two forecasting approaches to be compared. Normally a squared loss function is
assumed. In other words, the squared errors of the two forecast approaches are compared
(P1 and P2). The denominator is the joint spread of the two loss functions. This is estimated
on the basis of the long-term autocovariances of the loss function. In the case of large
samples, this test value is asymptotically normally distributed.
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As the methods and variables used by the forecasters in our data basis are not dis-
closed, we focus on the overall quality of the forecasts in terms of accuracy and unbiased-
ness. An assessment of the informative value of different forecasting approaches is not in
the scope in this study.

5. Results

To provide a more detailed insight into our results, we first show the individual
forecast quality of two selected German private banks. The graphic representation of the
DAX forecasts of the German private bank Berenberg in a prediction-realization diagram
indicates that conservative forecasting is at work here (Figure 3).
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Berenberg issued a total of 27 DAX forecasts in the observation period (1992–2020). It
is recognizable straight away that only one fall in the DAX is forecasted (3rd quadrant), but
that the DAX actually does fall in seven out of the 27 years (3rd and 4th quadrant). This
means that unusual events (falls in the DAX) are under-represented in the forecasts.

In addition, it can be seen that the dispersion of the actual events (scattering along the
ρPA axis) is greater than the dispersion of the forecasts (scattering along the ρPF axis). The
standard deviation of the actual events is 22.76%. The standard deviation of the forecasts,
however, is only 9.98% (Table 3). The slope in the dotted regression line in the prediction-
realization diagram of 0.011 is thus nowhere near the threshold value 1 (dashed diagonal
line) (Table 3). The variability of the actual events is dramatically underestimated.

As another example, we consider the prediction-realization diagram of DAX forecasts
made by the Franco-German private bank Oddo BHF (Figure 4).

This reveals a picture which is very similar to that of the prediction-realization diagram
for Berenberg. In the period 1992–2020, at the end of each year Oddo BHF forecasts the
DAX for the coming year. This occurs a total of 28 times. A fall in the DAX is forecasted on
three occasions. In reality, however, the DAX falls in eight of the 28 years. This means that
unusual events (falls in the DAX) are under-represented in the forecasts.
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Table 3. The main results of the DAX forecasts from 1992 to 2020 from the Handelsblatt.

Institution Forecasts Issued
Forecast Actual Normal Events over-

Represented in the Forecasts

Standard Deviation SD of the Forecasts < SD of the
Actual Events

Regression Line Slope of the
Regression Lines < 1DAX Falls DAX Rises DAX Falls DAX Rises Forecast Actual Intercept Slope

Bank Julius Bär 23 2 21 8 15 Yes 0.062 0.248 Yes 0.088 −0.023 Yes
Bank of America 11 0 11 2 9 Yes 0.066 0.207 Yes 0.117 −0.001 Yes
Bankhaus Lampe 25 1 24 6 19 Yes 0.081 0.234 Yes 0.089 0.097 Yes
Bayerische
Landesbank 26 1 25 6 20 Yes 0.067 0.230 Yes 0.080 −0.006 Yes

Berenberg 27 1 26 7 20 Yes 0.100 0.228 Yes 0.114 0.011 Yes
Bethmann Bank 12 2 10 5 7 Yes 0.095 0.284 Yes 0.101 −0.109 Yes
BNP Paribas 18 3 15 4 14 Yes 0.061 0.223 Yes 0.056 0.140 Yes
Commerzbank 28 2 26 7 21 Yes 0.089 0.234 Yes 0.120 −0.064 Yes
Credit Suisse 13 2 11 5 8 Yes 0.072 0.290 Yes 0.106 0.059 Yes
Dekabank 19 1 18 4 15 Yes 0.101 0.227 Yes 0.090 0.154 Yes
Deutsche Bank 25 2 23 7 18 Yes 0.070 0.237 Yes 0.091 −0.043 Yes
Dresdner Bank 15 0 15 5 10 Yes 0.084 0.276 Yes 0.080 0.099 Yes
DZ Bank 29 7 22 8 21 Yes 0.107 0.231 Yes 0.073 0.088 Yes
Haspa 13 0 13 3 10 Yes 0.047 0.202 Yes 0.080 0.045 Yes
Hauck & Aufhäuser 26 5 21 6 20 Yes 0.101 0.235 Yes 0.072 −0.040 Yes
Helaba 28 8 20 7 21 No 0.108 0.234 Yes 0.053 0.092 Yes
HSBC Trinkaus 22 3 19 7 15 Yes 0.085 0.256 Yes 0.080 −0.022 Yes
J.P. Morgan 22 4 18 6 16 Yes 0.100 0.244 Yes 0.084 0.038 Yes
LBB Landesbank
Berlin 18 3 15 6 12 Yes 0.140 0.233 Yes 0.088 0.027 Yes

LBBW 21 1 20 6 15 Yes 0.107 0.226 Yes 0.090 0.093 Yes
Lehman Brothers 12 5 7 4 8 No 0.098 0.259 Yes 0.040 0.062 Yes
M.M. Warburg & Co. 29 3 26 8 21 Yes 0.091 0.231 Yes 0.076 −0.016 Yes
Morgan Stanley 14 6 8 4 10 No 0.123 0.285 Yes 0.030 0.136 Yes
National-Bank 15 3 12 3 12 No 0.086 0.202 Yes 0.082 0.028 Yes
NATIXIS 17 1 16 3 14 Yes 0.065 0.231 Yes 0.077 0.057 Yes
NordLB 12 2 10 2 10 No 0.038 0.153 Yes 0.041 −0.089 Yes
Oddo BHF 28 3 25 8 20 Yes 0.104 0.234 Yes 0.090 0.059 Yes
Pictet & Cie. 13 3 10 5 8 Yes 0.114 0.279 Yes 0.092 −0.074 Yes
Postbank 11 0 11 3 8 Yes 0.069 0.225 Yes 0.098 0.087 Yes
Sal. Oppenheim 21 2 19 5 16 Yes 0.093 0.248 Yes 0.067 0.111 Yes
Santander 24 1 23 7 17 Yes 0.093 0.239 Yes 0.116 0.101 Yes
Société Générale 20 4 16 5 15 Yes 0.096 0.228 Yes 0.065 0.043 Yes
SYZ & Co. 10 0 10 2 8 Yes 0.058 0.235 Yes 0.144 −0.042 Yes
UBS 14 3 11 4 10 Yes 0.120 0.242 Yes 0.112 0.007 Yes
Unicredit
HypoVereinsbank 28 3 25 8 20 Yes 0.079 0.233 Yes 0.083 0.043 Yes

VP Bank 11 1 10 2 9 Yes 0.042 0.155 Yes 0.084 0.034 Yes
WestLB 21 3 18 7 14 Yes 0.106 0.260 Yes 0.081 0.124 Yes
WGZ Bank 16 1 15 5 11 Yes 0.172 0.211 Yes 0.110 0.301 Yes
Consensus 29 1 28 8 21 Yes 0.065 0.231 Yes 0.085 0.037 Yes

All forecasts 964 117 847 264 700 Yes 0.091 0.230 Yes 0.084 0.034 Yes

DAX = German Stock Market Index; SD = standard deviation.
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In addition, it can be seen that the dispersion of the actual events (scattering along the
ρPA axis) is greater than the dispersion of the forecasts (scattering along the ρPF axis). The
standard deviation of the actual events is 23.39%. The standard deviation of the forecasts,
however, is only 10.41% (Table 3). The slope of 0.059 in the dotted regression line in the
prediction-realization diagram is thus nowhere near the threshold value 1 (dashed diagonal
line) (Table 3). The variability of the actual events is dramatically underestimated.

Table 3 depicts the main results of the DAX forecasts from the Handelsblatt newspaper.
All of the forecasters who have taken part in the forecasting surveys of the Handelsblatt
for at least ten years are analyzed individually. All of the forecasters who issue less than
10 forecasts in the period from 1992 to 2020 are not analyzed individually but are taken
into account as part of the overall analysis of all forecasts and within the framework of the
consensus forecasts (final lines in Table 3).

The seventh column of Table 3 indicates whether fewer falls in the DAX are forecasted
than actually occur. As the DAX is a performance index and exhibits a rising trend over the
long term, all falls in the index are interpreted as ‘unusual events’. According to Ogburn
(1934), conservative forecasting leads to ‘normal events’ (here: an increase in the DAX)
being over-represented in the forecasts, while ‘unusual events’ (here: a decrease in the
DAX) are under-represented in the forecasts. This is the case in 33 of the 38 forecasters
who are analyzed individually here: a proportion of 86.8%. Unusual events are also
under-represented in the consensus forecasts and when the total number of the forecasts is
considered as a whole. The detailed data is given in Table 3, where one can see how often a
falling DAX was forecast, and how often the DAX really falls. One can also note how often
an upward trend was forecast for the DAX, and how often the DAX really rises (Table 3).

The picture is clearer in the case of the standard deviations. According to Ogburn
(1934), conservative forecasting leads to standard deviations of the forecasts which are
lower than the standard deviations of the actual events. The tenth column of Table 3
considers whether this applies to the DAX forecasts and reveals that this is the case in all
38 of the 38 forecasters analyzed. Also, with regard to the consensus forecasts and when
all 964 forecasts are considered, the standard deviation of the forecasts lags behind the
standard deviation of the actual events (Table 3).

Ogburn (1934) states that conservative forecasting leads to an underestimation of the
variability of reality. In the prediction-realization diagram, this should lead to a slope in the
regression lines which is lower than one. The last column of Table 3 illustrates this aspect.
It can be seen that in 38 out of 38 cases, the slope in the regression lines is lower than one.
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The fact that the slopes are usually clearly below the threshold value of one is also revealed
in the detailed data on the intercepts and the slopes in the regression lines (Table 3).

The German quality newspaper the Frankfurter Allgemeine Zeitung (FAZ) only started
a regular survey of forecasts in 2002. As a result, the share price falls in the years 2000 and
2001 no longer have an effect. It is interesting to see whether this leads to significantly
different results in the forecasts. In addition, the Frankfurter Allgemeine Zeitung not only
surveys annual forecasts, but also six-month forecasts. It is quite possible that the character-
istics of the forecasts with differing forecast horizons vary. Once again, all of the forecasters
who have taken part in the forecasting surveys of the FAZ at least ten times are analyzed
individually (Table 4).

The results are in fact somewhat less clear than those for the DAX forecasts from
the Handelsblatt. In 24 out of 33 cases (72.7%), normal events (increase in the DAX) are
over-represented in the forecasts (seventh column in Table 4). Unusual events are also
under-represented in the consensus forecasts and when all 282 six-month and all 402 twelve-
month forecasts are considered as a whole.

The result of the standard deviations is quite clear: In 31 out of 33 cases (93.9%), the
forecasts lag behind the actual events (tenth column in Table 4). This finding also applies
to the consensus forecasts as well as when all 282 six-month and all 402 twelve-month
forecasts are considered as a whole.

The fact that the forecasters persistently underestimate the variability of reality is
revealed most clearly in the slope of the regression lines in the prediction-realization
diagram (last column in Table 4). In 33 out of 33 cases, the slope is below one. This
result also applies to the consensus forecasts as well as when all 282 six-month and all
402 twelve-month forecasts are considered as a whole.

The forecasts of the Dow Jones Industrial Index yield only slightly different results.
Once again, all of the forecasters who have taken part in the forecasting survey at least ten
times are analyzed individually (Table 5).

The Dow Jones Industrial Index is a price index, but it exhibits a long-term rising
trend, nevertheless. To this extent, one can also presume here that a rise in the index can
be considered a normal event, and that a fall in the index represents an unusual event. In
ten out of 16 cases (62.5%), normal events (increase of the Dow Jones Industrial Index)
are over-represented in the forecasts (seventh column in Table 5). Unusual events are
also under-represented in the consensus forecasts and when all 203 six-month and all
259 twelve-month forecasts are considered as a whole.

The result for the standard deviations is more marked. In 14 out of 16 cases (87.5%), the
fluctuations in the forecasts lag behind those of the actual events (tenth column in Table 5).
This finding also applies to the consensus forecasts as well as when all 203 six-month and
all 259 twelve-month forecasts are considered as a whole.

The fact that the forecasters persistently underestimate the variability of reality is
revealed most clearly in the slope of the regression lines in the prediction-realization
diagram (last column in Table 5). In 16 out of 16 cases, the slope is below one. This
is also the same for the consensus forecasts as well as when all 203 six-month and all
259 twelve-month forecasts are viewed as a whole.

The picture drawn by the forecasts of the Euro Stoxx 50 is even more distinct (Table 6).
Here again, all of the forecasters who have taken part in the forecasting survey at least
ten times are analyzed individually. All of the other forecasts form part of the consensus
forecasts and are also evaluated as part of the total number of forecasts.
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Table 4. The main results of the DAX forecasts from 2002 to 2020 from the FAZ.

Institution Forecasts Issued
Forecast Actual Normal Events over-

Represented in the Forecasts

Standard Deviation SD of the Forecasts < SD of the
Actual Events

Regression Line Slope of the
Regression Lines < 1DAX Falls DAX Rises DAX Falls DAX Rises Forecast Actual Intercept Slope

Forecast horizon 6 months

Bayern LB 10 5 5 3 7 No 0.047 0.094 Yes 0.028 −0.286 Yes
Deka Bank 16 3 13 5 11 Yes 0.061 0.096 Yes 0.040 −0.002 Yes
DZ Bank 16 6 10 5 11 No 0.065 0.096 Yes 0.009 0.032 Yes
Helaba 14 6 8 5 9 No 0.075 0.102 Yes 0.025 −0.375 Yes
HSH Nordbank 10 7 3 4 6 No 0.095 0.098 Yes −0.030 −0.039 Yes
HVB-Unicredit Bank 16 4 12 6 10 Yes 0.063 0.104 Yes 0.035 −0.035 Yes
LBBW 17 3 14 6 11 Yes 0.048 0.102 Yes 0.019 0.090 Yes
M.M. Warburg 17 3 14 6 11 Yes 0.122 0.102 No 0.030 −0.039 Yes
Oddo BHF 10 1 9 4 6 Yes 0.041 0.121 Yes 0.049 −0.058 Yes
Postbank 13 6 7 4 9 No 0.071 0.104 Yes 0.008 −0.087 Yes
Santander Asset
Mgmt. 13 1 12 3 10 Yes 0.029 0.099 Yes 0.033 0.073 Yes

Société Générale 10 6 4 3 7 No 0.087 0.072 No −0.023 −0.431 Yes
Consensus 17 2 15 6 11 Yes 0.028 0.102 Yes 0.024 −0.077 Yes

All forecasts 282 83 199 103 179 Yes 0.072 0.095 Yes 0.024 −0.076 Yes

Forecast horizon 12 months

Allianz SE 11 0 11 2 9 Yes 0.044 0.155 Yes 0.072 0.018 Yes
Bayern LB 11 0 11 2 9 Yes 0.036 0.159 Yes 0.069 0.011 Yes
BNP Paribas 12 1 11 3 9 Yes 0.055 0.210 Yes 0.066 0.110 Yes
Commerzbank 18 0 18 4 14 Yes 0.081 0.233 Yes 0.119 0.032 Yes
Deka Bank 18 1 17 3 15 Yes 0.104 0.195 Yes 0.082 0.200 Yes
Deutsche Bank 10 0 10 2 8 Yes 0.047 0.212 Yes 0.104 −0.017 Yes
DWS 13 0 13 3 10 Yes 0.027 0.202 Yes 0.076 0.038 Yes
DZ Bank 18 2 16 4 14 Yes 0.066 0.222 Yes 0.072 0.063 Yes
Helaba 15 6 9 3 12 No 0.121 0.196 Yes 0.025 0.249 Yes
HSBC Trinkaus &
Burkhardt 13 2 11 3 10 Yes 0.066 0.262 Yes 0.065 −0.102 Yes

HSH Nordbank 11 2 9 3 8 Yes 0.080 0.213 Yes 0.055 0.192 Yes
HVB-Unicredit Bank 18 1 17 4 14 Yes 0.078 0.228 Yes 0.077 0.077 Yes
J.P. Morgan 12 1 11 3 9 Yes 0.064 0.233 Yes 0.095 0.140 Yes
LBBW 19 0 19 4 15 Yes 0.097 0.227 Yes 0.091 0.093 Yes
M.M. Warburg 19 1 18 4 15 Yes 0.097 0.227 Yes 0.078 −0.018 Yes
Oddo BHF 17 1 16 4 13 Yes 0.045 0.225 Yes 0.093 −0.092 Yes
Postbank 14 0 14 3 11 Yes 0.070 0.208 Yes 0.096 0.048 Yes
Santander Asset
Mgmt. 16 0 16 3 13 Yes 0.052 0.195 Yes 0.107 0.048 Yes

Société Générale 11 4 7 2 9 No 0.088 0.155 Yes 0.067 −0.347 Yes
UBS 10 1 9 1 9 No 0.118 0.151 Yes 0.136 0.027 Yes
WestLB 11 2 9 3 8 Yes 0.128 0.282 Yes 0.075 0.204 Yes
Consensus 19 0 19 4 15 Yes 0.061 0.227 Yes 0.087 0.064 Yes

All forecasts 402 31 371 88 314 Yes 0.083 0.215 Yes 0.085 0.054 Yes

DAX = German Stock Market Index; FAZ = Frankfurter Allgemeine Zeitung; SD = standard deviation.
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Table 5. Main results of the forecasts of the DJI from 2004 to 2020 from the FAZ.

Institution Forecasts Issued
Forecast Actual Normal Events over-Represented

in the Forecasts

Standard Deviation SD of the Forecasts < SD of the
Actual Events

Regression Line Slope of the
Regression Lines < 1DJI Falls DJI Rises DJI Falls DJI Rises Forecast Actual Intercept Slope

Forecast horizon 6 months

Deka Bank 15 5 10 8 7 Yes 0.070 0.066 No 0.018 0.171 Yes
Helaba 14 6 8 6 8 No 0.081 0.077 No 0.019 −0.406 Yes
LBBW 16 7 9 8 8 Yes 0.052 0.073 Yes 0.010 0.116 Yes
M.M. Warburg 15 3 12 7 8 Yes 0.061 0.075 Yes 0.034 0.233 Yes
Postbank 12 6 6 5 7 No 0.053 0.079 Yes 0.003 0.035 Yes
Santander Asset
Mgmt. 13 1 12 6 7 Yes 0.019 0.081 Yes 0.026 −0.095 Yes

Consensus 16 4 12 8 8 Yes 0.019 0.073 Yes 0.014 0.036 Yes

All forecasts 203 67 136 106 97 Yes 0.061 0.070 Yes 0.014 0.040 Yes

Forecast horizon 12 months

BNP Paribas 10 0 10 3 7 Yes 0.040 0.183 Yes 0.072 −0.059 Yes
Commerzbank 10 0 10 3 7 Yes 0.052 0.169 Yes 0.081 0.120 Yes
Deka Bank 16 6 10 4 12 No 0.099 0.137 Yes 0.051 0.002 Yes
Helaba 15 7 8 3 12 No 0.107 0.149 Yes 0.008 0.193 Yes
HSH Nordbank 11 5 6 3 8 No 0.067 0.163 Yes 0.022 −0.032 Yes
LBBW 17 4 13 4 13 No 0.058 0.142 Yes 0.053 −0.042 Yes
M.M. Warburg 17 1 16 4 13 Yes 0.071 0.142 Yes 0.063 −0.107 Yes
Oddo BHF 15 0 15 3 12 Yes 0.022 0.147 Yes 0.058 0.054 Yes
Postbank 13 0 13 3 10 Yes 0.063 0.160 Yes 0.084 0.012 Yes
Santander Asset
Mgmt. 16 0 16 4 12 Yes 0.051 0.146 Yes 0.070 0.093 Yes

Consensus 17 0 17 4 13 Yes 0.033 0.142 Yes 0.055 0.006 Yes

All forecasts 259 33 226 65 194 Yes 0.066 0.140 Yes 0.057 0.029 Yes

DJI = Dow Jones Industrial Index; FAZ = Frankfurter Allgemeine Zeitung; SD = standard deviation.
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Table 6. The main results for the Euro Stoxx 50 forecasts from 2002 to 2020 from the FAZ.

Institution Forecasts Issued
Forecast Actual Normal Events over-Represented

in the Forecasts

Standard Deviation SD of the Forecasts < SD of the
Actual Events

Regression Line Slope of the
Regression Lines < 1SX5E Falls SX5E Rises SX5E Falls SX5E Rises Forecast Actual Intercept Slope

Forecast horizon 6 months

Bayern LB 10 4 6 5 5 Yes 0.043 0.078 Yes 0.011 −0.244 Yes
Deka Bank 16 3 13 8 8 Yes 0.063 0.093 Yes 0.049 0.022 Yes
DZ Bank 16 3 13 8 8 Yes 0.064 0.093 Yes 0.030 0.186 Yes
Helaba 14 6 8 8 6 Yes 0.079 0.095 Yes 0.019 −0.406 Yes
HSH Nordbank 10 6 4 6 4 No 0.085 0.099 Yes −0.030 −0.214 Yes
HVB-Unicredit Bank 16 3 13 8 8 Yes 0.070 0.101 Yes 0.023 −0.085 Yes
LBBW 17 6 11 9 8 Yes 0.053 0.098 Yes 0.028 0.088 Yes
M.M. Warburg 16 2 14 8 8 Yes 0.073 0.101 Yes 0.055 −0.014 Yes
Oddo BHF 10 2 8 5 5 Yes 0.042 0.116 Yes 0.033 −0.009 Yes
Postbank 13 6 7 7 6 Yes 0.060 0.097 Yes 0.004 −0.100 Yes
Santander Asset
Mgmt. 13 2 11 6 7 Yes 0.033 0.099 Yes 0.030 0.110 Yes

Consensus 17 5 12 9 8 Yes 0.030 0.098 Yes 0.023 −0.018 Yes

All forecasts 270 82 188 144 126 Yes 0.073 0.094 Yes 0.023 −0.007 Yes

Forecast horizon 12 months

Allianz SE 11 0 11 4 7 Yes 0.042 0.130 Yes 0.071 −0.035 Yes
Bayern LB 11 0 11 3 8 Yes 0.039 0.127 Yes 0.058 −0.044 Yes
BNP Paribas 11 1 10 3 8 Yes 0.044 0.194 Yes 0.076 −0.069 Yes
Commerzbank 18 1 17 5 13 Yes 0.064 0.195 Yes 0.080 0.017 Yes
Deka Bank 18 1 17 5 13 Yes 0.093 0.170 Yes 0.094 0.107 Yes
DWS 12 0 12 5 7 Yes 0.043 0.175 Yes 0.078 −0.019 Yes
DZ Bank 18 1 17 6 12 Yes 0.075 0.193 Yes 0.090 0.096 Yes
Helaba 15 5 10 5 10 No 0.117 0.177 Yes 0.048 0.292 Yes
HSBC
Trinkaus&Burkhardt 14 3 11 4 10 Yes 0.082 0.209 Yes 0.065 −0.141 Yes

HSH Nordbank 11 1 10 4 7 Yes 0.071 0.195 Yes 0.076 0.119 Yes
HVB-Unicredit Bank 18 0 18 6 12 Yes 0.064 0.193 Yes 0.070 0.050 Yes
LBBW 19 1 18 6 13 Yes 0.078 0.190 Yes 0.088 0.003 Yes
M.M. Warburg 19 1 18 6 13 Yes 0.083 0.190 Yes 0.074 −0.073 Yes
Oddo BHF 17 1 16 6 11 Yes 0.047 0.192 Yes 0.072 −0.074 Yes
Postbank 14 0 14 4 10 Yes 0.054 0.190 Yes 0.086 0.032 Yes
Santander Asset
Mgmt. 16 0 16 5 11 Yes 0.053 0.178 Yes 0.095 0.078 Yes

WestLB 11 1 10 4 7 Yes 0.088 0.231 Yes 0.073 0.127 Yes
Consensus 19 0 19 6 13 Yes 0.044 0.190 Yes 0.083 0.020 Yes

All forecasts 381 29 352 123 258 Yes 0.073 0.179 Yes 0.080 0.017 Yes

SX5E = Euro Stoxx 50; FAZ = Frankfurter Allgemeine Zeitung; SD = standard deviation.
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Conservatism among forecasters can lead to them forecasting unusual events too
rarely. The Euro Stoxx 50 is a price index, but in spite of this it exhibits a long-term
upward trend. To this extent, one can also presume here that a rise in the index can be
considered a normal event, and that a fall in the index represents an unusual event. In the
predictions of 24 of the 26 forecasters analyzed individually (92.3%), unusual events are
under-represented (seventh column in Table 6). The consensus forecasts and the overall
total of all 270 six-month forecasts and all 381 twelve-month forecasts also show that
unusual events are forecast more seldom than they occur in reality.

The standard deviations provide a very clear picture. The standard deviations of the
forecasts lag behind the standard deviations of the actual results in 26 out of 26 cases (tenth
column in Table 6). This also applies to the consensus forecasts and the overall total of
270 forecasts with a forecast horizon of six months and all 381 forecasts with a forecast
horizon of twelve months.

Finally, it can be seen that the slope in the regression lines in the prediction-realization
diagrams is significantly below one in 26 out of 26 cases. The forecasters are thus obviously
underestimating the variability of reality (last column in Table 6). These findings are also
confirmed when the consensus forecasts and the overall total number of forecasts are
considered.

Without exception, it can be observed that the forecasters underestimate the variability
of reality. This fact can be clearly seen when looking at the kernel density plots of the
forecast relative changes in share prices and the actual relative changes in share prices
(Figure 5). The spread of the forecasts is much smaller than the spread of the actual events.
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This can be also seen in the fact that the slope in the regression lines in the prediction-
realization diagram always remains below the threshold value of one. This leads us to the
assessment that this aspect in particular deserves special attention. The unbiasedness test
takes the slope of the regression line in the prediction-realization diagram into account as
an essential element. Forecasts are viewed as unbiased when the slope in the regression
line does not diverge significantly from one, the intercept of the regression line does not
deviate significantly from zero, and the residuals are randomly distributed. The decisive
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advantage of this approach lies in the opportunity to go beyond purely descriptive statistics
and to examine the statistical significance of the results.

In all seven cases, it can be seen that given an error probability of ≤1% either the slope
of the regression line in the prediction-realization diagram is 6=1 and/or the intercept is
6= 0. In addition, the residuals are obviously not randomly distributed in six of the seven
cases. The forecasts are clearly not unbiased (Table 7).

Table 7. Unbiasedness test.

Stock Market
Index Source Forecast

Horizon
Number of

Observations Slope Intercept F Test
p-Value

Wooldridge Test
p-Value

DAX HB 12M 964 0.034 0.084 0.000 0.000
DAX FAZ 6M 282 −0.075 0.024 0.000 0.000
DAX FAZ 12M 402 0.054 0.085 0.000 0.006
DJI FAZ 6M 203 0.040 0.014 0.010 0.098
DJI FAZ 12M 259 0.029 0.057 0.000 0.623

SX5E FAZ 6M 270 −0.007 0.023 0.000 0.091
SX5E FAZ 12M 381 0.017 0.080 0.000 0.042

DAX = German Stock Market Index; DJI = Dow Jones Industrial Index; SX5E = Euro Stoxx 50; HB = Handelsblatt; FAZ = Frankfurter
Allgemeine Zeitung; 12M = 12 months; 6M = 6 months.

Finally, with the aid of the Diebold–Mariano test we examine whether the quality
of the forecasts is significantly superior—from a statistical perspective—to that of naïve
forecasts (Table 8). The result is that the forecasts of the Euro Stoxx 50 are significantly
poorer than the corresponding naïve forecasts, and the quality of the forecasts for the DAX
and the Dow Jones Industrial Index does not go significantly beyond that of naïve forecasts.

Table 8. Comparison of the forecasts with the naïve forecast.

Stock Market Index Source Forecast Horizon
Diebold–Mariano Test

Result p-Value

DAX HB 12M o 0.8143
DAX FAZ 6M o 0.1221
DAX FAZ 12M o 0.7429
DJI FAZ 6M o 0.7053
DJI FAZ 12M o 0.3491

SX5E FAZ 6M − 0.0000
SX5E FAZ 12M − 0.0540

o = no significant result, − = significantly poorer than the naïve forecasts, + = significantly better than the
naïve forecast, DAX = German Stock Market Index; DJI = Dow Jones Industrial Index; SX5E = Euro Stoxx 50;
HB = Handelsblatt; FAZ = Frankfurter Allgemeine Zeitung; 12M = 12 months; 6M = 6 months.

In Table 9 the results of the hypothesis testing are summarized. In Hypotheses 1–3, the
result which was determined for “all forecasts” in a forecasting area is used. In the case of
the DAX forecasts from the Handelsblatt survey, for example, that is the 964 forecasts which
are noted in the final line of Table 3. For Hypothesis 4, the results of the unbiasedness test
(Table 7) are taken into account, and for Hypothesis 5 the results of the Diebold–Mariano
test (Table 8).

In the case of Hypothesis 1 there is a uniform pattern for all areas of forecasting and
all forecast horizons. Normal events (index rises) are over-represented in the forecasts.
Unusual events (index falls) are under-represented in the forecasts. Null Hypothesis 1 has
to be rejected in all seven cases.
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Table 9. The results of hypothesis testing.

Stock Market
Index Source Forecast

Horizon Hypothesis 1 Hypothesis 2 Hypothesis 3 Hypothesis 4 Hypothesis 5

DAX HB 12M + + + + +
DAX FAZ 6M + + + + +
DAX FAZ 12M + + + + +
DJI FAZ 6M + + + + +
DJI FAZ 12M + + + + +

SX5E FAZ 6M + + + + +
SX5E FAZ 12M + + + + +

+ = Null Hypothesis rejected; DAX = German Stock Market Index; DJI = Dow Jones Industrial Index; SX5E = Euro Stoxx 50; HB = Handels-
blatt; FAZ = Frankfurter Allgemeine Zeitung; 12M = 12 months; 6M = 6 months.

In the case of Hypothesis 2 there are no differences between the subjects of the forecasts
and the forecast horizons. In all seven cases, Null Hypothesis 2 has to be rejected. The
dispersion of the forecasts (measured against the standard deviation) thus lags behind the
dispersion of the actual events.

A uniform picture is also shown with regard to Hypothesis 3. In all seven forecasting
areas the slope of the regression line in the prediction-realization diagrams is clearly below
one. Null Hypothesis 3 has to be rejected in all seven cases. This means that the rates of
change of the stock-market indices are significantly underestimated.

In the case of Hypothesis 4 there are also no relevant differences regarding the subjects
of the forecasts or the forecast horizons. In all seven areas, the forecasts prove to be biased.
These results are highly significant. In all seven cases, Null Hypothesis 4 has to be rejected.

In Hypothesis 5 there is also a concurring result for all seven forecast groups. Null
Hypothesis 5 has to be discarded. The precision of the forecasts does not go significantly
beyond that of naïve forecasts.

The findings of Ogburn (1934) are thus fully confirmed in the stock market forecasts
which we analyzed. It can certainly be stated that these stock-market analysts systematically
underestimate the variability of reality and that the success rate of their forecasts does not
extend beyond that of naïve forecasts. Their behavior can be described as “sticky” because
their forecasts adhere too strongly to long-term trends in the indices to provide meaningful
information about current events.

This study expands on existing research as it is the first of its kind to analyze ex-ante
forecasts for the SX5E. The picture obtained is similar to that of the stock indices examined
previously. The forecasts are mostly biased and not significantly better than naïve forecasts.
About 15 years ago, ex-ante forecasts for the DAX and the DJI were last examined (Table 1).
In the meantime, technological progress has led to the emergence of numerous promising
new forecasting methods, as discussed in our literature review. However, our results
indicate that this has not, at least so far, contributed to a significant increase in the quality
of the forecast.

Our findings allow different conclusions to be drawn with regard to the efficient
market hypothesis (Fama 1970). On the one hand, the Diebold–Mariano test shows that the
forecast quality is poor. This is compatible with the efficient market hypothesis, since no
excess returns can be achieved on the basis of the forecasts. On the other hand, the efficient
market hypothesis assumes that economic subjects are fully informed. The permanent
underestimation of the variability of reality that the prediction-realization diagram reveals
should therefore not occur. The acting subjects do not seem to take notice of the discrepancy
between their own actions and reality, since no correction of the behavior is made in the
subsequent forecasts.
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The forecasters systematically underestimate the variability of reality. Against the back-
ground of Mandelbrot’s fractal theory, it seems reasonable to conclude that forecasters—as
long as they think in terms of “trending” and “mean reversion”—systematically underesti-
mate the Hurst exponent (Mandelbrot 2004) of stock market developments.

Overall, the forecast quality for all three indices is not sufficient to enable an active
investment strategy on the basis of the forecasts that is likely to be successful. Moreover,
since unusual events (e.g., a sudden drop in an otherwise rising trendline) are seldom suc-
cessfully forecasted, an active investment strategy based on the forecasts harbors risks that
can cause severe financial damage to investors. Thus, we advise private and professional
investors to consider a passive investment strategy instead when deciding how to invest
their assets.

The path which has to be followed to obtain better stock market forecasts thus becomes
clear: analysts have to be more courageous. They need to react to new trends with more
flexibility. They have to leave their comfort zone more frequently and stand by assessments
which are not necessarily approved of by the majority of their peers. That alone will
presumably not suffice to generate reliable stock market forecasts: they will also need
to work hard on the quality of their approaches to forecasting. To this end, a variety of
interesting approaches are already discussed in the literature, e.g., economic forecasts
based on newspaper texts or news from online media and attention to news events (Milas
et al. 2021; Kalamara et al. 2020; Ben-Rephael et al. 2017). If analysts want to significantly
improve the reliability of their forecasts, there is no alternative but to change their overly
cautious, highly conservative, and thus inflexible attitudes.

Finally, our study also has some limitations. First of all, it should be mentioned that
we are looking at forecasts for entire stock indices. Even if the forecasters do not manage to
successfully predict the development of a stock index, this does not mean that the entire
stock market is per se unsuitable for an active investment strategy. It is still conceivable
that stocks of individual companies in the index can be predicted successfully. In this
case, an active investment strategy based on the forecasts for individual stocks could be
very promising. Second, forecasting future events with a six- to twelve-month horizon is
a major hurdle. As the forecast quality tends to increase as the horizon decreases (Dua
1988), it is conceivable that, for example, monthly forecasts for the same indices would
lead to significantly better results. Last but not least, we analyze the entire time series from
beginning to end for each forecaster. Even though this leads to a large sample size, which
enables a clearer picture of the forecast quality overall, differences in the forecast quality
over time may remain undetected. This could be the case in particular for the forecasts
published in Handelsblatt, which extend over a period of 29 years.

Our results provide initial indications that patterns discovered almost 90 years ago
that massively deteriorate forecast quality can still be found in stock market forecasts
today. We therefore encourage future research efforts to examine whether our results
prevail in additional datasets. Furthermore, we believe that deeper analysis of the rationale
for conservative forecasting and an assessment of its financial impact on investors are
promising areas of research that would deepen our understanding of ex-ante stock market
forecasts.

6. Summary

We examine forecasts for the German Stock Market Index (DAX), the Dow Jones In-
dustrial Index (DJI), and the Euro Stoxx 50 (SX5E) which were published in the period 1992
to 2020 in the German business newspaper Handelsblatt (HB) and the quality broadsheet
the Frankfurter Allgemeine Zeitung (FAZ). These forecasts have a horizon of six and twelve
months. The forecasts are from German and international banks such as Deutsche Bank,
Goldman Sachs, J.P. Morgan, or BNP Paribas.
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We take up the thoughts of Ogburn (1934), who, on the basis of a small empirical
survey, became convinced that forecasters consistently underestimate the variability of
the future, and that their forecasting is of a conservative nature. However, we also go
beyond this and use some contemporary measures (prediction-realization diagram, test of
unbiasedness, Diebold–Mariano test) to test ex-ante forecasts for their success at the time
of validity.

Conservative forecasting behavior leads to unusual events being under-represented
in forecasts, to the dispersion of the forecasts (as measured by their standard deviation)
lagging behind the dispersion of the actual events, and to the extent of the forecasted
changes being smaller than the actual changes. The latter aspect is reflected in a flat course
of the regression line in the prediction-realization diagram (slope < 1) and thus also leads
to failure in the unbiasedness test.

We analyze a total of 2,761 forecasts which are divided up into seven groups according
to the subject of the forecast (DAX, DJI, SX5E), the forecast horizon (6 and 12 months),
and the source (FAZ, HB). The findings are that in all seven groups (a) unusual events are
under-represented in the forecasts, (b) the dispersion of the forecasts lags behind that of
actual events, (c) the slope in the regression lines in the prediction-realization diagram is
<1, (d) the forecasts are biased to a highly significant degree, and (e) that the quality of the
forecasts is not significantly better than that of naïve forecasts.

It is more than surprising how closely these stock market forecasts for the years 1992
to 2020 correspond to the characteristics which Ogburn described back in the 1930s. The
stock market analysts prove to be too conservative, inflexible, and cautious. If they want
to improve the reliability of their forecasts, they should change their conservative and
inflexible forecasting behavior and consider promising new approaches and technologies in
their forecasting process. For private and professional investors, building active investment
strategies based on the insufficient stock market forecasts examined can involve enormous
financial risks and is therefore not recommended.
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Appendix A. Detailed Summary Statistics on Data Basis

Table A1. Detailed Summary Statistics on DAX, DJI, and SX5E forecasts of our data basis.

Source Subject Year N Min
[pts.]

Max
[pts.]

Median
[pts.]

Mean
[pts.]

Actual
[pts.] N Min

[pts.]
Max
[pts.]

Median
[pts.]

Mean
[pts.]

Actual
[pts.]

Forecast horizon 6 months Forecast horizon 12 months

HB DAX 1992 NA NA NA NA NA NA 21 1600 1900 1780 1764 1545.05
1993 NA NA NA NA NA NA 25 1550 1900 1750 1726 2266.68
1994 NA NA NA NA NA NA 28 1840 2500 2400 2339 2106.58
1995 NA NA NA NA NA NA 33 1950 2500 2200 2225 2253.88
1996 NA NA NA NA NA NA 28 2250 2700 2450 2449 2888.69
1997 NA NA NA NA NA NA 34 2600 3800 3100 3095 4249.69
1998 NA NA NA NA NA NA 33 4000 4800 4413 4413 5002.39
1999 NA NA NA NA NA NA 34 4580 6000 5400 5390 6958.14
2000 NA NA NA NA NA NA 37 6200 7620 6790 6771 6433.61
2001 NA NA NA NA NA NA 33 6100 9000 7800 7722 5160.10
2002 NA NA NA NA NA NA 38 5100 6650 5750 5779 2892.63
2003 NA NA NA NA NA NA 33 3300 5000 3915 3921 3965.16
2004 NA NA NA NA NA NA 34 3500 5000 4300 4318 4256.08
2005 NA NA NA NA NA NA 33 4100 5000 4600 4558 5408.26
2006 NA NA NA NA NA NA 38 5000 6100 5800 5717 6596.92
2007 NA NA NA NA NA NA 37 6000 7500 7078 7027 8067.32
2008 NA NA NA NA NA NA 35 7700 9250 8500 8566 4810.20
2009 NA NA NA NA NA NA 31 3600 6500 5250 5230 5957.43
2010 NA NA NA NA NA NA 38 4500 7500 6345 6339 6914.19
2011 NA NA NA NA NA NA 39 6200 8300 7600 7605 5898.35
2012 NA NA NA NA NA NA 37 5500 7600 6573 6573 7612.39
2013 NA NA NA NA NA NA 35 6900 8890 8029 8024 9552.16
2014 NA NA NA NA NA NA 33 8900 11,000 10,200 10,123 9805.55
2015 NA NA NA NA NA NA 36 9500 11,800 10,753 10,706 10,743.01
2016 NA NA NA NA NA NA 36 9250 13,000 11,850 11,793 11,481.06
2017 NA NA NA NA NA NA 30 11,000 12,300 11,800 11,724 12,917.64
2018 NA NA NA NA NA NA 33 12,300 15,000 14,000 14,009 10,558.96
2019 NA NA NA NA NA NA 31 10,000 13,400 12,000 12,053 13,249.01
2020 NA NA NA NA NA NA 31 12,500 15,000 14,000 13,999 13,718.78

Forecast horizon 6 months Forecast horizon 12 months

FAZ DAX 2002 14 4900 6000 5650 5554 4382.56 19 5100 6650 5750 5808 2892.63
2003 NA NA NA NA NA 3220.58 17 3000 4200 3800 3780 3965.16
2004 14 3600 4500 4200 4184 4052.73 15 3833 4700 4300 4299 4256.08
2005 15 3900 4600 4400 4330 4586.28 21 4100 4750 4570 4560 5408.26
2006 17 5000 5950 5700 5616 5683.31 20 5100 6100 5725 5689 6596.92
2007 14 6200 7100 6612 6623 8007.32 20 6000 7400 7000 6988 8067.32
2008 14 7250 8700 8066 8081 6418.32 18 7700 9200 8500 8503 4810.20
2009 17 3200 5700 4900 4725 4808.64 17 3600 6500 5400 5353 5957.43
2010 19 4800 6800 6000 5875 5965.52 22 5300 7100 6375 6333 6914.19
2011 19 6300 8000 7300 7289 7376.24 26 6200 8300 7600 7618 5898.35
2012 14 4800 7000 6105 6009 6416.28 22 5500 7600 6594 6588 7612.39
2013 14 7000 8200 7659 7618 7959.22 20 7250 8890 8035 8069 9552.16
2014 16 8500 10,200 9660 9620 9833.07 23 8900 11,000 10,150 10,092 9805.55
2015 18 8700 11,000 10,300 10,035 10,944.97 23 9500 11,500 10,900 10,773 10,743.01
2016 17 10,200 12,250 11,400 11,388 9680.09 23 10,800 12,600 11,900 11,859 11,481.06
2017 19 10,600 12,400 11,500 11,494 12,325.12 24 10,400 12,300 11,800 11,713 12,917.64
2018 19 12,500 15,000 13,700 13,658 12,306.00 25 12,300 14,500 14,000 13,938 10,558.96
2019 NA NA NA NA NA 12,398.80 24 10,000 13,400 12,000 11,986 13,249.01
2020 22 12,000 14,500 13,625 13,460 12,310.93 23 12,500 14,500 14,000 13,833 13,718.78

Forecast horizon 6 months Forecast horizon 12 months

FAZ DJI 2004 10 9800 11,000 10,422 10,444 10,435.48 10 10,000 11,200 10,500 10,544 10,783.01
2005 10 10,800 11,200 11,010 11,020 10,274.97 14 11,000 12,000 11,420 11,440 10,717.50
2006 14 10,000 11,800 11,223 11,196 11,150.22 15 10,300 12,500 11,500 11,575 12,463.15
2007 12 12,200 14,000 12,800 12,805 13,408.62 14 11,440 14,000 13,400 13,276 13,264.82
2008 13 12,500 14,500 13,729 13,729 11,350.01 16 13,500 15,300 14,500 14,513 8776.39
2009 14 6900 10,800 9000 9000 8447.00 16 7000 12,500 9940 9880 10,428.05
2010 16 8900 12,100 10,600 10,433 9774.02 18 10,000 12,100 11,050 11,118 11,577.51
2011 14 10,500 13,900 11,904 11,808 12,414.34 16 10,200 13,500 12,064 12,127 12,217.56
2012 9 10,800 13,500 12,363 12,363 12,880.09 13 12,375 15,000 13,200 13,240 13,104.14
2013 8 12,100 14,000 13,487 13,381 14,909.60 11 13,000 15,300 14,150 14,150 16,576.66
2014 12 14,500 16,800 16,500 16,364 16,826.60 14 15,700 17,700 17,000 16,908 17,823.07
2015 14 14,000 18,800 18,000 17,586 17,619.51 17 16,000 19,400 18,547 18,547 17,425.03
2016 12 17,500 19,000 18,123 18,245 17,929.99 15 17,000 19,500 18,700 18,568 19,762.60
2017 16 18,700 21,900 19,949 19,897 21,349.63 17 18,200 21,200 20,103 20,103 24,719.22
2018 14 22,000 27,200 24,825 24,735 24,271.41 18 22,000 28,500 25,208 25,215 23,327.46
2019 NA NA NA NA NA 26,599.96 18 24,000 28,000 26,250 24,782 28,538.44
2020 15 27,250 29,200 28,500 28,404 25,812.88 17 27,100 30,400 28,909 28,909 30,606.48

Forecast horizon 6 months Forecast horizon 12 months

FAZ SX5E 2002 14 3600 4300 4062 4023 3133.39 17 3710 4600 4300 4251 2386.41
2003 NA NA NA NA NA 2419.51 15 2300 3200 2900 2890 2760.66
2004 13 2500 3300 2879 2879 2811.08 14 2750 3300 3004 3008 2951.01
2005 15 2800 3200 3050 3030 3181.54 19 3000 3350 3200 3160 3578.93
2006 17 3350 3800 3700 3671 3648.92 18 3450 3950 3777 3754 4119.94
2007 14 4000 4750 4208 4215 4489.77 20 3700 4600 4400 4394 4399.72
2008 14 4200 4900 4508 4515 3352.81 18 4400 5100 4700 4726 2447.62
2009 15 1600 3000 2500 2469 2401.69 17 1950 3350 2756 2756 2964.96
2010 17 2400 3300 2910 2896 2573.32 20 2600 3700 3100 3124 2792.82
2011 17 2400 3400 2950 2905 2848.53 22 2500 3350 3009 3018 2316.55
2012 14 1700 2600 2300 2279 2264.72 22 2050 2850 2505 2510 2635.93
2013 15 2162 2800 2626 2626 2602.59 20 2590 3050 2799 2797 3109.00
2014 15 2750 3400 3250 3208 3228.25 23 3000 3600 3400 3344 3146.43
2015 17 2800 3550 3300 3245 3424.30 22 3200 3720 3444 3438 3267.52
2016 16 3145 3750 3550 3543 2864.74 22 3425 3800 3683 3665 3290.52
2017 18 3000 3500 3271 3261 3441.88 23 3100 3500 3300 3295 3503.96
2018 18 3450 4050 3748 3746 3395.60 23 3400 4000 3800 3793 3001.42
2019 NA NA NA NA NA 3473.69 23 2800 3700 3300 3305 3745.16
2020 21 3400 4000 3713 3713 3234.07 23 3500 4050 3850 3833 3552.64

HB = Handelsblatt; FAZ = Frankfurter Allgemeine Zeitung; DAX = German Stock Market Index; N = Number of forecasts issued;
Min = Minimum; Max = Maximum; pts. = points; NA = not available. FAZ = Frankfurter Allgemeine Zeitung; DJI = Dow Jones Industrial
Index; SX5E = Euro Stoxx 50; N = Number of forecasts issued; Min = Minimum; Max = Maximum; pts. = points; NA = not available.
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Appendix B. Forecasters in the Handelsblatt Newspaper

1. ABN Amro 45. Kepler Equities
2. Adca-Bank 46. Kleinwort Benson Research
3. B. Metzler Seel. Sohn & Co. 47. LB Rheinland-Pfalz
4. Baader Bank 48. LBB Landesbank Berlin
5. Baden-Württembergische Bank 49. LBBW
6. Bank in Liechtenstein 50. Lehman Brothers
7. Bank Julius Bär 51. LGT Bank in Liechtenstein
8. Bank of America 52. M.M. Warburg & Co.
9. Bank Sarasin 53. Macquarie
10. Bankhaus Ellwanger & Geiger 54. Merck Finck & Co.
11. Bankhaus Lampe 55. Merrill Lynch
12. Bankhaus Metzler 56. Morgan Stanley
13. Banque Nationale de Paris 57. National-Bank
14. Barclays 58. NATIXIS
15. Bayerische Landesbank 59. NIBC
16. Bayerische Vereinsbank 60. Nomura
17. Berenberg 61. NordLB
18. Bethmann Bank 62. Oddo BHF
19. BNP Paribas 63. Pictet & Cie.
20. Cheuvreux 64. Postbank
21. Citi 65. Royal Bank of Scotland
22. Commerzbank 66. S.G. Warburg
23. Crédit Lyonnais 67. Sal. Oppenheim
24. Credit Suisse 68. Santander
25. Daiwa Europe (Deutschland) 69. Saxo Bank
26. Dekabank 70. SBC Warburg
27. Deutsche Bank 71. Schröder Bank
28. Donner & Reuschel 72. Schröder Münchmeyer Hengst
29. Dresdner Bank 73. Schroder Salomon Smith Barney
30. DZ Bank 74. Schweizerischer Bankverein
31. Fürst Fugger Privatbank 75. SGZ-Bank
32. Fürstl. Castell’sche Bank 76. Société Générale
33. Goldman Sachs 77. SYZ & Co.
34. Gontard & Metallbank 78. Targobank
35. GZ-Bank 79. UBS
36. Haspa 80. Unicredit HypoVereinsbank
37. Hauck & Aufhäuser 81. Union Bancaire Priveé
38. Helaba 82. Union Bank of Switzerland
39. HSBC Trinkaus 83. Vereins- und Westbank
40. HSH Nordbank 84. Vontobel
41. IKB 85. VP Bank
42. IMI Bank 86. Weberbank
43. J. Safra Sarasin 87. WestLB
44. J.P. Morgan 88. WGZ Bank
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Appendix C. Forecasters in the Frankfurter Allgemeine Zeitung

1. Adig 27. J.P. Morgan
2. Allianz SE 28. Julius Bär
3. Bankgesellschaft Berlin 29. Landesbank Berlin
4. Bankhaus Lampe 30. Landesbank Rheinland-Pfalz
5. Barclays Capital 31. LBBW
6. Bayern LB 32. M.M. Warburg
7. Berenberg 33. Macquarie
8. BNP Paribas 34. Merck Finck Invest
9. Citigroup 35. Merrill Lynch
10. Commerzbank 36. Morgan Stanley
11. CSFB 37. Nomura
12. Deka Bank 38. Nord LB
13. Deutsche Bank 39. Oddo BHF
14. Deutsche Bank/Postbank 40. Postbank
15. DIT 41. Raiffeisen Bank International
16. Dresdner Bank 42. Sal. Oppenheim
17. DWS 43. Santander Asset Management
18. DZ Bank 44. Société Générale
19. Erste Group 45. UBS
20. Goldman Sachs 46. Union Bancaire Privée
21. Helaba 47. Union Investment
22. HSBC Trinkaus & Burkhardt 48. Vereins- und Westbank
23. HSH Nordbank 49. Weberbank
24. HVB-Unicredit Bank 50. WestLB
25. IKB 51. WGZ Bank
26. ING Deutschland
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Chapter IX – Unicorn, Yeti, Nessie, and Neoclassical Market 

Abstract 

The neoclassical market model continues to have a major influence on important economic policy 

decisions. In this model, the formation of equilibrium prices at the intersection of the aggregated 

supply and aggregated demand functions plays a central role. We examine whether the formation 

of equilibrium prices actually occurs. To do so, we analyze 2,217 prices for homogeneous products 

recorded by students in stores and online between October 2020 and May 2022. In 143 out of 

146 cases, no equilibrium price emerges. The percentage price range regularly exceeds 100%. The 

presumed steering function of an equilibrium price does not materialize. The establishment of 

market mechanisms for the efficient solution of economic problems must therefore be 

questioned. 
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1. Introduction

Some people believe that cheerful unicorns trot through the few remaining remote primeval 

forests, that an intermediate form of animal and human, namely the Yeti, is at home in the heights 

of the Himalayas, and that an underwater monster meanders through the waters of Loch Ness in 

Scotland. There are eyewitness accounts for all these phenomena. To make a long story short: 

When critically examining all of these indications, one cannot speak of clear empirical evidence. 

While very few adults believe in the existence of unicorns, snow giants, and sea monsters, the 

idea of the neoclassical market is widespread in science and practice and finds many supporters 

and advocates. 

Adam Smith (1776) was the first to emphasize the central importance of markets for all processes 

at the level of the individual economy as well as at the level of the national economy. The Austrian 

School propagated the market as the central element of liberal economic activity and free society, 

and as the decisive counter-concept to planned economy and socialism. Ludwig von Mises, 

Friedrich August von Hayek, Gottfried Harberler, and Oskar Morgenstern can be considered the 

most ardent advocates of market orientation. The influential textbook by Paul A. Samuelson 

(1948) contributed quite significantly to the spread of the notion of the neoclassical market. In 

current textbooks, such as Mankiw and Taylor (2020), it is presented unchanged: As prices rise, 

the willingness of (actual or potential) suppliers to provide products increases. With rising prices, 

however, the willingness of (actual or potential) demanders to purchase the corresponding 

products decreases. This results in an aggregate supply function with a positive slope and an 

aggregate demand function with a negative slope. The intersection of the supply and demand 

functions determines the equilibrium price. This equilibrium price leads to market clearing. We 

refer to this form of market mechanism as the neoclassical market. The neoclassical market 

mechanism has the merit of automatically leading to efficient outcomes (Mises, 1929 and 1940). 

Goods necessarily flow to the demanders who most desire or need them. Goods are necessarily 

provided by the suppliers who can most easily spare or produce them.  

The neoclassical market model is based on a variety of assumptions (Pindyck & Rubinfeld, 2017; 

Varian, 2014; Samuelson & Nordhaus, 2009): 1. The traded goods are homogeneous, 2. There are 

many suppliers and many demanders, 3. No supplier and no demander exercises market power, 

4. Any supplier and any demander can enter or leave the market at any time without costs, 5. All

suppliers and all demanders are independent of each other and consider only their own situation

when making decisions, i.e., there is no herd behavior and no strategic behavior, 6. There is

complete information and thus no asymmetric information distribution, 7. All suppliers and all

demanders are rational agents interested solely in maximizing their utility, 8. Property rights are

always evident and undisputed, 9. There are no transaction costs, 10. There are no externalities.

However, it is considered a weakness of the neoclassical market model that the assumptions can 

often not be considered fulfilled in reality. In practical economic life, there is not a single market 

in which all ten model assumptions can be regarded as fulfilled (see, e.g., Ötsch, 2019; Bridel, 

1997; Walker, 1993). In some markets, not even one of the assumptions is fulfilled. However, this 

alone cannot shake the neoclassical market model because the core statements of the model fit 

the everyday experience that when supply declines, prices often rise and when demand declines, 
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prices often fall. Even a model whose assumptions do not correspond to reality can lead to useful 

descriptions of the real world. 

However, this does not relieve economics of the duty to empirically verify whether the 

neoclassical market really exists or whether it is exclusively the product of a fantasy world - similar 

to the case, presumably, of unicorns, Yeti, or Nessie. This leads us to the core of the problem. The 

neoclassical market model largely eludes empirical observation. It is plausible to assume that the 

aggregate supply function shows an increasing and the aggregate demand function a decreasing 

trend. Empirically, however, neither the one nor the other function can be represented. This will 

be illustrated by an example: 

An innkeeper who runs the only pub in a village wants to find out how his guests would react to 

any price changes. So, he tries to get a picture of the aggregate demand function of his guests. 

For this reason, he distributes questionnaires to the guests. There they are to enter how much 

beer they would drink at which price level. However, his guests smell a rat and behave 

strategically. If the price level were higher than the current one, the guests say they would no 

longer come to the pub at all and would rather drink their beer at home. If the price level were 

lower than the current one, they make exaggerated statements about their planned consumption 

behavior. The innkeeper who relies on this information is in for a surprise. If he actually lowers 

the price, the additional consumption estimated by the survey will probably largely fail to 

materialize. A demand function thus eludes empirical observation.  

The same applies to aggregated supply functions. For example, the water protection authority 

may ask the farmers in a region how much targeted floodplain area they would make available in 

the event of a flood, depending on how high the authority sets the compensation payments. The 

farmers will promise large amounts of land as compensation increases, but they do so only to 

drive up compensation for existing floodplains as much as possible. The strategic behavior of the 

providers makes it impossible to observe the actual supply function empirically. 

Since neither the supply function nor the demand function can be observed, the empirical 

examination of the neoclassical market model has to focus on the equilibrium price. The market 

model assumes that all transactions of a given good at a given point in time (at least) are settled 

at one and the same price, namely the equilibrium price. Numerous studies have therefore 

collected prices for homogeneous goods from different suppliers within a market that is clearly 

defined in terms of space and time. This has shown again and again that prices for one and the 

same good can vary greatly (see Table 1). 
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Table 1: Synoptic literature review 

Research paper Markets covered Methods Conclusion 

Stigler (1961) Cars, anthracite coal Absolute price range, standard 
deviation 

No price 
equilibrium 

Maynes (1976) Life insurance, drugstore 
items, consumer electronics, 
petrol, etc. 

Absolute price range No price 
equilibrium 

Pratt, Wise & 
Zeckhauser (1979) 

39 different product 
categories, e.g., bicycles, 
aquariums, air conditioners 

Minimum, maximum, mean, standard 
deviation 

No price 
equilibrium 

Dahlby & West 
(1986) 

Car insurance premiums Percentage price range, variance, 
coefficient of variation 

No price 
equilibrium 

Van Hoomissen 
(1988) 

Refrigerators, light bulbs, 
books for children, various 
groceries 

Interstore relative price variability 
(measure of spread based on standard 
deviation) 

No price 
equilibrium 

Borenstein & Rose 
(1994) 

Flight tickets Gini coefficient, coefficient of variation No price 
equilibrium 

Brynjolfsson & Smith 
(2000) 

Books, CDs Absolute price range, percentage price 
range, standard deviation 

No price 
equilibrium 

Kessner & Polborn 
(2000) 

Life insurances Coefficient of variation No price 
equilibrium 

Sorensen (2000) Prescription drugs Absolute price range, standard 
deviation, coefficient of variation, 
estimated margin 

No price 
equilibrium 

Brown & Goolsbee 
(2002) 

Life insurances Standard deviation of residuals from a 
regression of life insurance prices paid 
and various explanatory variables 

No price 
equilibrium 

Lach (2002) Refrigerators, chicken, coffee, 
flour 

Mean, coefficient of variation, F-test, 
standard deviation, time effects 

No price 
equilibrium 

Scholten & Smith 
(2002) 

20 different retail products, 
e.g., groceries, toiletries,
batteries, cleaning products,
thermometers

Coefficient of variation No price 
equilibrium 

Aalto-Setälä (2003) 120 different food items Standard deviation, mean, regression 
analysis 

No price 
equilibrium 

Baye, Morgan & 
Scholten (2004) 

Consumer electronics Minimum, absolute price range, 
percentage price range, coefficient of 
variation 

No price 
equilibrium 

Baye, Morgan & 
Scholten (2006) 

Consumer electronics Absolute price range, percentage price 
range, coefficient of variation 

No price 
equilibrium 

Hong & Shum (2006) Books Absolute price range No price 
equilibrium 

Lewis (2008) Petrol Standard deviation, regression analysis No price 
equilibrium 

Wildenbeest (2011) 14,000 products from 
supermarkets 

Regression analysis No price 
equilibrium 

Vukina & Zheng 
(2010) 

Live hogs Minimum, maximum, mean, standard 
deviation, absolute price range 

No price 
equilibrium 

Moen, Wulfsberg & 
Aas (2020) 

766 homogeneous products in 
4,297 retail stores 

Coefficient of variation No price 
equilibrium 

Empirical research on the equilibrium price begins in the second half of the 20th century, when 

several authors start collecting prices for homogeneous goods in shops or in magazines. Stigler 

(1961) discovers price dispersion in the automobile and anthracite coal markets. Maynes (1976) 

compares prices for identical life insurances, medicines, and nine other products and finds that 

different providers charge very different prices for homogeneous goods. In their influential study, 

Pratt, Wise & Zeckhauser (1979) extend the research to 39 different products. They show that 
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the formation of equilibrium prices suggested by the neo-classical theory is by no means 

observable in practice. Burdett & Judd (1983) counter that the empirical study of prices is not 

suitable for deriving convincing statements about the validity of the neoclassical market model. 

If the observed price dispersion can be explained by search costs, one can still speak of market 

equilibrium even with different prices for homogeneous goods. However, search costs cannot be 

quantified easily in practice, which creates a similar dilemma as with the supply and demand 

functions mentioned at the beginning. 

From the 1980s onward, the background to the observed price deviations is increasingly 

investigated. In particular, factors influencing the extent of price dispersion have come into focus. 

It has been shown that price dispersion tends to increase when the number of suppliers is low 

(Baye, Morgan & Scholten, 2004; Dahlby & West, 1986) and in times of strong inflation (Van 

Hoomissen, 1988). Other studies find that price dispersion tends to be lower for consumer goods 

that are regularly repurchased (Sorensen, 2000) and for goods in mature markets (Baye, Morgan 

& Scholten, 2006). Moreover, deviations from the equilibrium price model are also observed 

within one supplier. Even for the same supplier, there can be strong price deviations for different 

customer groups (Borenstein & Rose, 1994) or at different times of the day (Vukina & Zheng, 

2010), which also does not fit the neoclassical theory.  

Technological and political events also influence the scientific debate about the equilibrium price. 

In the 1990s, increasing globalization and the spread of the Internet are changing the way 

commerce works. The transportation of raw materials and finished goods is constantly becoming 

faster and cheaper. New forms of communication make it possible to work efficiently with supra-

regional customers and suppliers at different points in the value chain, which creates more 

competition. Due to all these influencing factors, the number of potential suppliers and buyers 

within a market increases massively. The increasing spread of the Internet also ensures more 

transparency for customers, who can now compare prices from different providers much more 

easily. 

These changes lead to a revival of empirical research on equilibrium pricing in the early 2000s. 

However, the studies always come to the same conclusion. Globalization and the introduction of 

the Internet have slightly shifted the extent of price dispersion in individual market segments, but 

an equilibrium price in the sense of neoclassical theory is still nowhere to be observed (Brown & 

Goolsbee, 2002; Scholten & Smith, 2002; Brynjolfsson & Smith, 2000).  

Since the 2010s, fewer and fewer price comparisons have been published to test the neoclassical 

market model. The new studies partly argue on the basis of data that are several decades old 

(e.g., Moen, Wulfsberg & Aas, 2020). With the beginning of the 2020s, however, massive political 

and societal cuts have again had an impact on markets. In the course of the Covid-19 pandemic, 

international supply chains collapsed en masse. Important products for daily use became scarce 

within a short period of time. Many consumers also faced changing financial conditions due to 

layoffs and short-time work. All of this can lead to changes in behavior on the part of both 

suppliers and consumers. 

We see it as an important task of research to continuously test the validity of established models 

from theory in practice. The neoclassical market model is undoubtedly one of them. This study 
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therefore raises the research question of whether an equilibrium price has been established for 

different product categories and products in the year of the Covid-19 pandemic outbreak (2020) 

and the two subsequent years. 

2. Data basis

To shed more light on our research question, we evaluate actual prices for homogeneous goods 

announced by retailers between October 2020 and May 2022. The prices were collected and 

documented by students of the Ostfalia University of Applied Sciences Wolfsburg in brick-and-

mortar stores or online. In-store price collections were conducted in northern Germany in twelve 

cities (Brunswick, Einbeck, Gifhorn, Goslar, Hanover, Helmstedt, Hildesheim, Lunenburg, Peine, 

Salzgitter, Wolfenbüttel, and Wolfsburg). Online price collections were conducted on price 

comparison portals or directly on the retailers’ websites. All prices were quoted in €. All price 

observations were documented by photos or screenshots with location and time information. 

The observations have been published in the series "Wolfsburg Invisible Hand Studies" (WIHSt). 

The eleven studies in the WIHSt series (see Table 2) cover 146 price comparisons for 77 different 

products, consisting of a total of 2,217 individual price observations (see Table 3). Each price 

comparison thus comprises an average of 15.185 prices from different retailers for one and the 

same product. 

Table 2: Overview of studies from the "Wolfsburg Invisible Hand Studies" series 

Study Year Authors 

WIHSt 1 2021 Kornhardt, C. 

WIHSt 2 2021 Yavuz, D. 

WIHSt 3 2021 Clar, F., Petrunina, J., Qitaku, A. & Zubke, L. 

WIHSt 4 2021 Chmielewski, L. & Kunzmann, O. 

WIHSt 5 2021 Möbius, D., Schmidt, M. & Waldhelm, S. 

WIHSt 6 2021 Flemming, J., Boztepe, C. & Tawbe, S. 

WIHSt 7 2022 Wenzlaff, L. & Leohold, S. 

WIHSt 8 2022 Beck, O. & Ülker, S.-L. 

WIHSt 9 2022 Wahlers, J. & Schulenburg, S. von der 

WIHSt 10 2022 Younis, R. & Sokolowski, P. 

WIHSt 11 2022 Ziegner, K. & Mützel, P. 

Table 3: Number of price observations per product category 

Product category Price comparisons Prices 

Drugstore 47 634 

Food 59 776 

Other 40 807 

Total 146 2,217 

For a detailed overview per product, see Table A-1 in Appendix A. 

171



Chapter IX – Unicorn, Yeti, Nessie, and Neoclassical Market 

The database is divided into 47 price comparisons for drugstore products (634 price 

observations), 59 price comparisons for food (776 price observations), and 40 price comparisons 

for other products (807 price observations). The "Other" category includes products from the 

areas of consumer electronics, toys, kitchen appliances, clothing, printer supplies, medicines, car 

accessories, and sports & outdoor. The original product designations are used below. An overview 

of the respective English product descriptions can be found in Table A-2 in Appendix B. 

Eight products are examined in more than one Wolfsburg Invisible Hand Studies (WIHSt). These 

are Red Bull Classic 250ml (3×), as well as Funny-frisch "Ungarisch" 175g, Nutella Nuss-

Nugat-Creme 450g, Pringles "Original" 200g, Duschdas Sport 2-in-1 250ml, Milka Alpenmilch 

100g, WMF Kult X Mix & Go 0,6l, and Dr. Oetker Ristorante Salame 320g (2× each). For the 

remaining 69 products, prices are only examined in one WIHSt each. 

The price comparisons in the studies from the WIHSt series are from 2020 (10×), 2021 (84×), and 

2022 (52×). 45 price comparisons were conducted exclusively in brick-and-mortar stores, 52 price 

comparisons were conducted exclusively online, and 49 price comparisons were conducted both 

in brick-and-mortar stores and online. In the 101 price comparisons that were conducted 

completely or partially online, prices including shipping costs were documented in 35 cases.  

3. Methods

The prices are examined with regard to the setting of an equilibrium price. An equilibrium price 

exists when all transactions are carried out at the same price. To this end, the lowest observed 

price (minimum) is compared with the highest observed price (maximum). The difference 

between minimum and maximum is the absolute price range. If it is different from 0, there is no 

equilibrium price. 

In order to determine the extent of price dispersion, relative measures of dispersion are used in 

the form of the percentage price range and the coefficient of variation. The percentage price 

range is obtained by dividing the absolute price range by the minimum: 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑃𝑟𝑖𝑐𝑒 𝑅𝑎𝑛𝑔𝑒 (𝑋) =
𝐴𝑏𝑠𝑜𝑙𝑢𝑡𝑒 𝑃𝑟𝑖𝑐𝑒 𝑅𝑎𝑛𝑔𝑒 (𝑋)

𝑀𝑖𝑛𝑖𝑚𝑢𝑚 (𝑋)
 ×  100%

=  
[𝑀𝑎𝑥𝑖𝑚𝑢𝑚 (𝑋) − 𝑀𝑖𝑛𝑖𝑚𝑢𝑚 (𝑋)]

𝑀𝑖𝑛𝑖𝑚𝑢𝑚 (𝑋)
 ×  100% 

A percentage price range > 100% indicates that the absolute price range is larger than the 

minimum. In other words, in this case the maximum is more than twice as large as the minimum, 

which indicates a strong deviation from an equilibrium price.  

The coefficient of variation is obtained by dividing the standard deviation by the arithmetic mean 

of the observations: 
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𝐶𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 𝑜𝑓 𝑉𝑎𝑟𝑖𝑎𝑡𝑖𝑜𝑛 (𝑋) =
𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 (𝑋)

𝐴𝑟𝑖𝑡ℎ𝑚𝑒𝑡𝑖𝑐 𝑀𝑒𝑎𝑛 (𝑋)
=  

𝜎 (𝑋)

𝜇 (𝑋)

A coefficient of variation > 0.1 indicates that the standard deviation is greater than 10% of the 

arithmetic mean, which also indicates a strong deviation from an equilibrium price. 

The percentage price range and the coefficient of variation are more meaningful in that they 

relate the absolute price range and the standard deviation, respectively, to the price of the 

product. An absolute price range or a standard deviation of €1 represents a significantly more 

serious deviation from an equilibrium price if the observed product is priced in the order of €10 

than if it is priced in the order of €1,000. 

4. Results

A total of 146 price comparisons are analyzed. In 143 cases, the absolute price range, percentage 

price range, standard deviation, and coefficient of variation are not equal to zero. That is, in 143 

of 146 cases, different prices were observed for a homogeneous good at a given time within a 

narrowly defined geographic area. The average percentage price range is 126.37%. The one-

sample t-test supports that there is no equilibrium price (p ≤ 0.001). 

First, the price comparisons collected purely in brick-and-mortar retail stores are considered 

(Table 4). Here, 45 price comparisons with 398 individual price observations are carried out. The 

products for which a price comparison is carried out are displayed sorted according to the 

coefficient of variation (last column). That is, from products that show a large deviation from an 

equilibrium price to products that show a less large deviation from an equilibrium price. 

Table 4: Comparison of prices collected in stores 

Product # Min Max x̄ σ APR PPR CV 

Coca-Cola Original Taste 0,33l 17 €0.59 €2.29 €0.95 €0.47 €1.70 288.14% 0.495 

Nivea Deoroller Fresh pure 0% 11 €1.65 €1.95 €1.92 €0.90 €0.30 18.18% 0.469 

Milka Alpenmilch 100g (WIHSt 5) 10 €0.59 €1.99 €1.03 €0.43 €1.40 237.29% 0.418 

Pringles Chips Sour Cream & Onion 200g 13 €1.29 €3.89 €2.14 €0.78 €2.60 201.55% 0.364 

Funny-frisch "Ungarisch" 175g (WIHSt 3) 12 €1.49 €3.29 €1.71 €0.50 €1.80 120.81% 0.294 

Snickers 50g (07.08.21) 8 €0.69 €1.39 €0.86 €0.25 €0.70 101.45% 0.291 

Snickers 50g (30.08.21) 8 €0.69 €1.39 €0.86 €0.25 €0.70 101.45% 0.291 

Pflaster Hansaplast "Classic"  20 €2.95 €5.55 €3.75 €1.06 €2.60 88.14% 0.282 

Konfitüre Schwartau Extra Erdbeere 340g 7 €1.39 €3.49 €2.32 €0.62 €2.10 151.08% 0.266 

Red Bull Classic 250ml (WIHSt 11) 16 €1.05 €2.55 €1.55 €0.40 €1.50 142.86% 0.258 

Honig Langnese "Flotte Biene" 250g 5 €2.99 €4.49 €3.29 €0.67 €1.50 50.17% 0.204 

Jägermeister 0,7l 9 €10.49 €18.99 €12.77 €2.43 €8.50 81.03% 0.190 

UHU Kleber 21g (09.08.21) 7 €1.89 €2.99 €2.15 €0.39 €1.10 58.20% 0.181 

UHU Kleber 21g (30.08.21) 6 €1.89 €2.99 €2.18 €0.39 €1.10 58.20% 0.179 

Dr. Oetker Ristorante Salame 320g (WIHSt 5) 8 €1.59 €2.49 €2.28 €0.39 €0.90 56.60% 0.171 

Red Bull Sugarfree 250ml 19 €0.87 €1.59 €1.18 €0.20 €0.72 82.76% 0.170 

Nutella Nuss-Nugat-Creme 450g (WIHSt 4) 7 €2.99 €4.29 €3.18 €0.49 €1.30 43.48% 0.154 
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Product # Min Max x̄ σ APR PPR CV 

Zahnpasta Elmex "Kariesschutz"  24 €2.55 €4.20 €3.19 €0.47 €1.65 64.71% 0.146 

Pril Kraftgel Ultra Plus 19 €0.99 €1.45 €1.33 €0.19 €0.46 46.46% 0.143 

Pringles "Original" 200g (WIHSt 5) 9 €2.59 €3.69 €2.71 €0.37 €1.10 42.47% 0.137 

Duschgel Kneipp "Lebensfreude" 12 €2.95 €4.45 €3.11 €0.42 €1.50 50.85% 0.136 

Niemand Dry Gin 0,5l (30.08.21) 3 €28.99 €36.99 €34.31 €4.61 €8.00 27.60% 0.134 

UNO Standard 9 €6.99 €9.99 €8.77 €1.11 €3.00 42.92% 0.127 

Converse Chuck Taylor All Star High 7 €49.99 €75.00 €71.41 €8.75 €25.01 50.03% 0.123 

Géramont "Classic" 200g 6 €1.66 €2.44 €2.29 €0.28 €0.78 46.99% 0.122 

Niemand Dry Gin 0,5l (06.08.21) 4 €28.99 €36.99 €34.98 €3.99 €8.00 27.60% 0.114 

Maggi Würze 250g 20 €1.25 €2.39 €1.80 €0.19 €1.14 91.20% 0.103 

Nivea Soft 200ml 13 €2.85 €3.49 €2.96 €0.22 €0.64 22.46% 0.074 

WMF Kult X Mix & Go 0,6l (WIHSt 11) 3 €29.99 €34.99 €33.31 €2.35 €5.00 16.67% 0.071 

Xiaomi Scooter 1S 3 €395.99 €449.00 €413.66 €24.99 €53.01 13.39% 0.060 

Leibniz Keks'N Crem Choco 228g 9 €1.69 €1.99 €1.85 €0.11 €0.30 17.75% 0.058 

AirPods 2. Gen. / MV7N2ZM/A (30.08.21) 4 €132.99 €149.00 €134.32 €7.58 €16.01 12.04% 0.056 

TomTom "Go Discover 7" 3 €269.00 €299.00 €281.33 €12.82 €30.00 11.15% 0.046 

AirPods 2. Gen. / MV7N2ZM/A (18.08.21) 4 €126.95 €136.99 €129.97 €4.78 €10.04 7.91% 0.037 

Schauma 7 Kräuter Shampoo 17 €1.65 €1.99 €1.94 €0.07 €0.34 20.61% 0.036 

HP 302 Cyan/Magenta/Gelb Druckerpatrone 5 €22.90 €24.99 €23.37 €0.81 €2.09 9.13% 0.035 

Hipp "Ultra Sensitiv" Feuchttücher 4er Pack 4 €3.45 €3.79 €3.62 €0.12 €0.34 9.86% 0.034 

Hipp "Zart Pflegend" Feuchttücher 4er Pack 4 €3.45 €3.65 €3.54 €0.09 €0.20 5.80% 0.025 

Barilla Penne Rigate 500g 6 €1.65 €1.69 €1.68 €0.02 €0.04 2.42% 0.012 

I Love Extreme Mascara "Volume" 3 €2.75 €2.79 €2.76 €0.02 €0.04 1.45% 0.007 

Pampers "Premium Protection" 26 Stück 6 €3.95 €3.99 €3.96 €0.02 €0.04 1.01% 0.005 

Aptamil "Pronatura PRE" 800g 5 €15.95 €15.99 €15.97 €0.02 €0.04 0.25% 0.001 

Duschdas Sport 2-in-1 250ml (WIHSt 5) 6 €1.25 €1.25 €1.25 €0.00 €0.00 0.00% 0.000 

Pampers "Baby Dry" 21 Stück 3 €2.95 €2.95 €2.95 €0.00 €0.00 0.00% 0.000 

Bebe "Creme Intensivpflege" 50ml 4 €3.45 €3.45 €3.45 €0.00 €0.00 0.00% 0.000 

Total 398 0.145 

# = Number of observations; Min = Minimum; Max = Maximum; x̄ = Arithmetic mean; σ = Standard deviation; APR = 

Absolute price range, PPR = Percentage price range; CV = Coefficient of variation. 

For the product “Coca-Cola Original Taste 0,33l", 17 individual price observations are collected 

from 17 different retailers. While the observed minimum sales price is €0.59, the observed 

maximum price for this product is €2.29. The mean of the price observations is €0.95, and the 

standard deviation is €0.47. The absolute price range of €1.70 is obtained by subtracting the 

minimum from the maximum. The percentage price range is 288.14%, showing that the absolute 

price range is almost three times as high as the minimum price. The coefficient of variation of 

0.495 also shows that there is a strong deviation from an equilibrium price.  

It is remarkable that for the three goods in the last three rows of Table 4, for which all observed 

prices are identical (coefficient of variation = 0.000), only very few prices are recorded (n = 3; n 

= 4; n = 6). One of these products is "Duschdas Sport 2-in-1, 250ml" in WIHSt 5. The same 

product is also observed in WIHSt 3, but there at 29 different retailers in stores and 

online. WIHSt 3 determines an absolute price range of €0.50 for this product and 

therefore no equilibrium price. 

Overall, the prices collected in brick-and-mortar stores yield an average coefficient of variation of 

0.145. The majority of price comparisons in brick-and-mortar stores show that an equilibrium 

price cannot be observed. 
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Table 5 lists the price comparisons carried out purely in online retailing. Shipping costs are not 

taken into account at first. Here, 28 price comparisons with 497 individual price observations are 

carried out. For the product "Bebe Creme Intensivpflege 50ml", the mean of €4.67 and the 

standard deviation of €2.26 result in the highest coefficient of variation of 0.485 and thus the 

greatest deviation from an equilibrium price.  

The largest percentage price range is observed for the product "UHU Kleber 21g" at 602.78%. 

That is, the most expensive retailer offers the product at a selling price more than six times higher 

than the least expensive retailer. Overall, the high percentage price ranges in online retailing 

show that there are large price differences among suppliers on the Internet. This is also reflected 

in the higher average coefficient of variation of 0.219 in online retailing compared with stationary 

retailing. In the price comparisons carried out among online retailers without taking shipping 

costs into account, an equilibrium price cannot be observed. 

Table 5: Comparison of prices collected online excluding shipping costs 

Product # Min Max x̄ σ APR PPR CV 

Bebe "Creme Intensivpflege" 50ml 6 €3.44 €9.70 €4.67 €2.26 €6.26 181.98% 0.485 

Nivea Soft 200ml 8 €2.66 €8.02 €3.82 €1.81 €5.36 201.50% 0.474 

UHU Kleber 21g (09.08.21) 43 €1.08 €7.59 €2.35 €1.11 €6.51 602.78% 0.472 

UHU Kleber 21g (30.08.21) 51 €1.08 €7.59 €2.34 €1.07 €6.51 602.78% 0.457 

Zahnpasta Elmex "Kariesschutz"  9 €2.89 €7.70 €3.82 €1.58 €4.81 166.44% 0.414 

WMF Kult X Mix & Go 0,6l (WIHSt 5) 6 €29.99 €64.99 €40.16 €13.86 €35.00 116.71% 0.345 

Duschgel Kneipp "Lebensfreude" 10 €2.39 €5.99 €3.31 €1.06 €3.60 150.63% 0.321 

Nivea Deoroller Fresh pure 0% 7 €1.65 €3.73 €2.32 €0.74 €2.08 126.06% 0.319 

Red Bull Classic 250ml (WIHSt 11) 4 €1.20 €2.44 €1.70 €0.46 €1.24 103.33% 0.271 

Pampers "Premium Protection" 26 Stück 9 €3.82 €8.18 €5.45 €1.45 €4.36 114.14% 0.267 

WMF Kult X Mix & Go 0,6l (WIHSt 11) 16 €29.99 €59.99 €37.04 €9.35 €30.00 100.03% 0.252 

Honig Langnese "Flotte Biene" 250g 7 €2.72 €5.10 €3.76 €0.85 €2.38 87.50% 0.226 

AirPods 2. Gen. / MV7N2ZM/A (18.08.21) 76 €123.80 €345.69 €150.94 €30.97 €221.89 179.23% 0.205 

Pflaster Hansaplast "Classic"  12 €2.80 €4.79 €3.58 €0.60 €1.99 71.07% 0.169 

UNO Standard 11 €6.52 €10.71 €8.21 €1.37 €4.19 64.26% 0.167 

Konfitüre Schwartau Extra Erdbeere 340g 7 €2.09 €3.29 €2.63 €0.44 €1.20 57.42% 0.166 

AirPods 2. Gen. / MV7N2ZM/A (30.08.21) 89 €119.95 €236.29 €150.63 €23.29 €116.34 96.99% 0.155 

Nutella Nuss-Nugat-Creme 450g (WIHSt 4) 7 €2.84 €4.15 €3.39 €0.50 €1.31 46.13% 0.148 

HP 302 Cyan/Magenta/Gelb Druckerpatrone 15 €17.64 €27.99 €22.48 €3.06 €10.35 58.67% 0.136 

Niemand Dry Gin 0,5l (30.08.21) 24 €26.01 €39.90 €32.33 €3.57 €13.89 53.40% 0.110 

Niemand Dry Gin 0,5l (06.08.21) 23 €26.01 €39.90 €32.54 €3.59 €13.89 53.40% 0.110 

Converse Chuck Taylor All Star High 11 €55.95 €79.00 €72.10 €6.06 €23.05 41.20% 0.084 

TomTom "Go Discover 7" 11 €214.46 €299.99 €271.66 €22.29 €85.53 39.88% 0.082 

Algemarina Trockenshampoo 200ml 5 €2.95 €3.49 €3.27 €0.26 €0.54 18.31% 0.081 

Head&Shoulders Apple Fresh 300ml 13 €3.29 €3.99 €3.90 €0.26 €0.70 21.28% 0.067 

Sony Playstation 5 Disc Version 5 €795.99 €944.00 €887.72 €48.94 €148.01 18.59% 0.055 

Xiaomi Scooter 1S 6 €395.00 €499.00 €415.58 €18.56 €104.00 26.33% 0.045 

I Love Extreme Mascara "Volume" 6 €2.75 €3.09 €2.83 €0.12 €0.34 12.36% 0.042 

Total 497 0.219 

# = Number of observations; Min = Minimum; Max = Maximum; x̄ = Arithmetic mean; σ = Standard deviation; APR = 

Absolute price range, PPR = Percentage price range; CV = Coefficient of variation. 
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A similar picture emerges when looking at price comparisons for online retailing including 

shipping costs (Table 6). Here 24 price comparisons with 459 individual price observations are 

considered. If shipping costs are incurred, the inclusion of the shipping costs in the sales prices 

may increase the maximum price by the amount of the shipping costs. If no shipping costs are 

incurred or if these are included in the product price, the sales price does not increase, and the 

minimum price may remain constant. This can affect the average price, the standard deviation, 

the absolute and percentage price range, and the coefficient of variation. 

Both the highest coefficient of variation (0.515) and the highest percentage price range (685.83%) 

are found for the product "Red Bull Classic 250ml." Overall, across the 24 price comparisons, the 

average coefficient of variation for online retailing including shipping costs is 0.200. This value is 

slightly lower than for online retailing excluding shipping costs. Likewise, an equilibrium price 

cannot be observed for online retailers including shipping costs in any price comparison. 

Table 6: Comparison of prices collected online including shipping costs 

Product # Min Max x̄ σ APR PPR CV 

Red Bull Classic 250ml (WIHSt 11) 4 €1.20 €9.43 €5.92 €3.05 €8.23 685.83% 0.515 

Nivea Deoroller Fresh pure 0% 7 €1.65 €9.14 €5.51 €2.18 €7.49 453.94% 0.396 

WMF Kult X Mix & Go 0,6l (WIHSt 5) 6 €29.99 €68.94 €42.96 €15.08 €38.95 129.88% 0.351 

Duschgel Kneipp "Lebensfreude" 10 €2.39 €11.98 €7.08 €2.37 €9.59 401.26% 0.335 

Konfitüre Schwartau Extra Erdbeere 340g 7 €2.09 €9.28 €7.18 €2.39 €7.19 344.02% 0.333 

WMF Kult X Mix & Go 0,6l (WIHSt 11) 16 €29.99 €63.94 €40.81 €9.60 €33.95 113.20% 0.235 

Nivea Soft 200ml 8 €6.16 €10.92 €8.13 €1.73 €4.76 77.27% 0.213 

Honig Langnese "Flotte Biene" 250g 7 €6.96 €12.09 €8.79 €1.81 €5.13 73.71% 0.206 

AirPods 2. Gen. / MV7N2ZM/A (18.08.21) 76 €124.55 €345.69 €153.67 €30.53 €221.14 177.55% 0.199 

Pflaster Hansaplast "Classic"  12 €2.95 €7.94 €6.92 €1.36 €4.99 169.15% 0.196 

Nutella Nuss-Nugat-Creme 450g (WIHSt 4) 7 €5.98 €9.95 €8.27 €1.40 €3.97 66.39% 0.170 

Pampers "Premium Protection" 26 Stück 9 €6.81 €12.96 €9.94 €1.65 €6.15 90.31% 0.166 

UHU Kleber 21g (09.08.21) 43 €3.39 €9.86 €7.56 €1.21 €6.47 190.86% 0.160 

UHU Kleber 21g (30.08.21) 51 €3.39 €10.45 €7.61 €1.17 €7.06 208.26% 0.154 

AirPods 2. Gen. / MV7N2ZM/A (30.08.21) 89 €119.95 €236.29 €153.42 €22.95 €116.34 96.99% 0.150 

Zahnpasta Elmex "Kariesschutz"  9 €5.88 €8.70 €7.09 €1.01 €2.82 47.96% 0.143 

UNO Standard 11 €6.99 €13.68 €11.00 €1.54 €6.69 95.71% 0.140 

I Love Extreme Mascara "Volume" 6 €6.25 €8.69 €7.04 €0.90 €2.44 39.04% 0.129 

Bebe "Creme Intensivpflege" 50ml 4 €7.13 €9.70 €8.04 €1.00 €2.57 36.04% 0.124 

HP 302 Cyan/Magenta/Gelb Druckerpatrone 15 €20.63 €30.87 €25.67 €2.99 €10.24 49.64% 0.117 

Niemand Dry Gin 0,5l (30.08.21) 24 €31.24 €45.80 €37.79 €3.98 €14.56 46.61% 0.105 

Niemand Dry Gin 0,5l (06.08.21) 23 €31.05 €43.98 €38.01 €3.67 €12.93 41.64% 0.097 

Converse Chuck Taylor All Star High 11 €58.85 €82.94 €73.89 €6.36 €24.09 40.93% 0.086 

Algemarina Trockenshampoo 200ml 4 €6.48 €7.99 €7.20 €0.57 €1.51 23.30% 0.079 

Total 459 0.200 

# = Number of observations; Min = Minimum; Max = Maximum; x̄ = Arithmetic mean; σ = Standard deviation; APR = 

Absolute price range, PPR = Percentage price range; CV = Coefficient of variation. 

The ability to ship products enables an online retailer to operate in the same geographical area 

as a brick-and-mortar retailer. In this way, the number of retailers offering a product in a narrowly 

defined geographic area can increase significantly. Therefore, it is also necessary to consider 

online retail and brick-and-mortar retail together. In Table 7, the aggregated results of stationary 
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and online trade are presented excluding shipping costs. Here, 38 price comparisons with 692 

individual price observations are considered. 

Table 7: Comparison of prices collected in stores and online excluding shipping costs 

Product # Min Max x̄ σ APR PPR CV 

Milka "Haselnussschokolade“ 100g 6 €0.57 €1.89 €1.11 €0.53 €1.32 231.58% 0.478 

Red Bull Classic 250ml (WIHSt 1) 14 €0.85 €2.79 €1.52 €0.68 €1.94 228.24% 0.447 

Funny-frisch "Ungarisch" 175g (WIHSt 1) 12 €1.34 €3.59 €1.68 €0.66 €2.25 167.91% 0.393 

Red Bull Classic 250ml (WIHSt 3)1 15 €0.88 €2.75 €1.40 €0.54 €1.87 212.50% 0.384 

Extra Professional White Kaugummi 50 Stück 12 €2.25 €4.50 €3.02 €1.03 €2.25 100.00% 0.341 

Nivea Dry Impact Deo 150ml 7 €1.75 €3.53 €2.07 €0.65 €1.78 101.71% 0.314 

Pringles "Original" 200g  (WIHSt 1) 12 €1.15 €4.00 €2.51 €0.74 €2.85 247.83% 0.295 

Haribo Happy Cola 200g 10 €0.69 €1.79 €1.19 €0.35 €1.10 159.42% 0.291 

Odol-med3 Zahnpasta Extra White 125ml 20 €0.99 €2.99 €1.54 €0.43 €2.00 202.02% 0.279 

Heineken Pils 6 x 0,33l 10 €4.85 €10.26 €6.00 €1.67 €5.41 111.55% 0.278 

Toffifee 125g 29 €1.35 €2.89 €1.60 €0.45 €1.54 114.07% 0.278 

Aspirin 500mg (20 Tabletten) 9 €3.80 €7.49 €5.71 €1.50 €3.69 97.11% 0.263 

Airwaves Kaugummis Cool Cassis 12 Stück 22 €0.69 €1.59 €1.02 €0.26 €0.90 130.43% 0.255 

Baby Einstein Magic Touch Piano 32 €23.99 €69.99 €33.39 €8.39 €46.00 191.75% 0.251 

WMF Toaster Stelio Edelstahl 15 €36.85 €69.99 €46.88 €10.95 €33.14 89.93% 0.234 

Pom-Bär Original 75g 32 €0.79 €2.59 €1.22 €0.28 €1.80 227.85% 0.226 

Milka Alpenmilch 100g (WIHSt 8) 20 €0.55 €1.70 €1.11 €0.22 €1.15 209.09% 0.198 

Haribo Goldbären 200g 20 €0.65 €1.18 €0.87 €0.17 €0.53 81.54% 0.195 

Tempo Taschentücher 30 x 10 Stück 22 €2.85 €4.51 €3.17 €0.57 €1.66 58.25% 0.180 

Uncle Ben’s Express Langkornreis 250g 18 €1.29 €2.49 €1.76 €0.31 €1.20 93.02% 0.178 

JBL Flip 5 30 €84.90 €156.25 €103.43 €17.73 €71.35 84.04% 0.171 

Ritter Sport Voll-Nuss 100g 28 €1.36 €2.69 €1.46 €0.25 €1.33 97.79% 0.168 

Ritter Sport Alpenmilch 100g 20 €0.69 €1.39 €1.19 €0.18 €0.70 101.45% 0.151 

Milka Luflée Schokolade 100g 9 €0.69 €1.29 €1.13 €0.17 €0.60 86.96% 0.148 

Airwaves Strong Kaugummi 12 Stück 9 €0.75 €1.10 €0.92 €0.13 €0.35 46.67% 0.145 

Pantene PRO-V Repair & Care 300ml 10 €1.99 €2.99 €2.67 €0.36 €1.00 50.25% 0.136 

Dr. Oetker Ristorante Salame 320g (WIHSt 9) 17 €1.79 €2.99 €2.75 €0.36 €1.20 67.04% 0.133 

Big Bobby Car Classic Sansibar 9 €45.85 €64.90 €55.12 €6.87 €19.05 41.55% 0.125 

Lindt Lindor Kugel Milch 100g 11 €2.04 €2.99 €2.75 €0.31 €0.95 46.57% 0.113 

FIFA 21 (Playstation 4) 39 €49.95 €80.20 €61.58 €6.85 €30.25 60.56% 0.111 

Maggi Ravioli in Tomatensauce 800g 15 €1.39 €2.49 €2.00 €0.22 €1.10 79.14% 0.108 

PS4 Wireless Dualshock Controller, V2 43 €48.98 €76.31 €58.72 €5.21 €27.33 55.80% 0.089 

FIFA 22 (Playstation 5) 11 €59.55 €79.99 €71.90 €6.28 €20.44 34.32% 0.087 

Duschdas Duschgel Sport 2-in-1 250ml 29 €1.25 €1.75 €1.29 €0.11 €0.50 40.00% 0.084 

Nintendo Switch 37 €306.87 €421.28 €335.88 €26.25 €114.41 37.28% 0.078 

Head&Shoulders Classic Clean 300ml 20 €3.50 €4.29 €3.91 €0.17 €0.79 22.57% 0.044 

KTM Radical Kids Training Bike 7 €116.00 €129.99 €118.07 €4.92 €13.99 12.06% 0.042 

Nutella Nuss-Nugat-Creme 450g 11 €2.99 €3.29 €3.06 €0.11 €0.30 10.03% 0.036 

Total 692 0.203 

# = Number of observations; Min = Minimum; Max = Maximum; x̄ = Arithmetic mean; σ = Standard deviation; APR = 

Absolute price range, PPR = Percentage price range; CV = Coefficient of variation. 

1 Here, the special offer price also documented in the study is noted. 
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The highest coefficient of variation is 0.478, for the product "Milka Haselnussschokolade 100g." 

The cheapest retailer offers the product for €0.57 and the most expensive retailer for €1.89. This 

results in an absolute price range of €1.32, which is more than double the price of the cheapest 

vendor. This is also shown by the percentage price range of 231.58%.  

For the joint consideration of stationary trade and online trade across all 38 price comparisons, 

the average coefficient of variation is 0.203. The inclusion of online retailers in addition to 

stationary retailers thus leads to an overall increase in the coefficient of variation. The extent of 

price dispersion is similar to that of pure online retailing. An equilibrium price cannot be 

determined here either. 

Finally, the brick-and-mortar retailers and the online retailers are also analyzed jointly, taking into 

account the shipping costs incurred to transport the goods to the corresponding place (Table 8). 

Here, 11 price comparisons are documented with 171 individual price observations. At brick-and-

mortar retailers, a good can be purchased directly at the called retail price. Online retailers may 

charge additional shipping costs to transport the goods to the end customer. As a result, the 

maximum selling price at online retailers increases due to the inclusion of shipping costs, while 

the selling price at brick-and-mortar retailers remains constant.  

This is particularly noticeable when determining the coefficient of variation for the product "Milka 

Alpenmilch 100g." Here, the standard deviation of €2.68 is greater than the arithmetic mean of 

€2.53, resulting in a coefficient of variation of 1.059. The maximum price here is more than 18 

times higher than the selling price of the cheapest supplier. The percentage price range of 

1,721.82% also impressively shows that there is a particularly strong deviation from an 

equilibrium price in this price comparison. 

Table 8: Comparison of prices collected in stores and online including shipping costs 

Product # Min Max x̄ σ APR PPR CV 

Milka Alpenmilch 100g (WIHSt 8) 20 €0.55 €10.02 €2.53 €2.68 €9.47 1,721.82% 1.059 

Ritter Sport Alpenmilch 100g 20 €0.69 €6.19 €1.88 €1.63 €5.50 797.10% 0.866 

Haribo Goldbären 200g 20 €0.65 €8.13 €3.50 €2.90 €7.48 1,150.77% 0.829 

Uncle Ben’s Express Langkornreis 250g 18 €1.29 €9.48 €2.92 €2.34 €8.19 634.88% 0.800 

Head&Shoulders Classic Clean 300ml 20 €3.50 €10.49 €5.20 €2.23 €6.99 199.71% 0.429 

Baby Einstein Magic Touch Piano 32 €26.98 €69.99 €37.31 €8.04 €43.01 159.41% 0.216 

Big Bobby Car Classic Sansibar 9 €49.75 €64.90 €56.22 €5.96 €15.15 30.45% 0.106 

Aspirin 500mg (20 Tabletten) 9 €6.45 €8.74 €7.73 €0.70 €2.29 35.50% 0.091 

Vilsa Classic 12 x 0,7l Kasten2 6 €4.92 €5.99 €5.30 €0.38 €1.07 21.75% 0.072 

KTM Radical Kids Training Bike 6 €116.08 €135.94 €120.24 €7.43 €19.86 17.11% 0.062 

Toniebox Starterset inkl. Kreativtonie 11 €71.76 €83.43 €78.01 €3.29 €11.67 16.26% 0.042 

Total 171 0.416 

# = Number of observations; Min = Minimum; Max = Maximum; x̄ = Arithmetic mean; σ = Standard deviation; APR = 

Absolute price range, PPR = Percentage price range; CV = Coefficient of variation. 

2 The minimum order value is higher than the observed price for one retailer. 
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Overall, the joint analysis of brick-and-mortar retailers and online retailers including shipping 

costs shows a significantly higher average coefficient of variation of 0.416. An equilibrium price 

cannot be observed in the aggregated analysis of brick-and-mortar retailers and online retailers 

including shipping costs either. 

Looking at the results as a whole, it becomes clear that the price comparisons in brick-and-mortar 

retailing with a mean coefficient of variation of 0.145 are clearly far from an equilibrium price. 

The setting of equilibrium prices is not observed at all, with the exception of three price 

comparisons with a low number of price observations in each case.  

Looking at online retail, the average coefficient of variation is 0.219 (without taking shipping costs 

into account) and 0.200 (with taking shipping costs into account). Here it is already clear that the 

prices are more widely spread and that there is a greater deviation from an equilibrium price 

online than in stationary retail.  

The joint analysis of brick-and-mortar retailers and online retailers shows an average coefficient 

of variation of 0.203 (without taking shipping costs into account) and 0.416 (with taking shipping 

costs into account). The mean coefficient of variation with shipping costs taken into account 

shows a significant deviation from an equilibrium price. This may be due to the fact that the 

shipping costs charged by an online retailer result in a higher maximum price, while the sales price 

remains constant for stationary retailers. This results in a higher overall price spread between 

brick-and-mortar retailers and online retailers, which leads to a greater deviation from an 

equilibrium price. 

5. Discussion

Empirical results of the past 60 years clearly show that equilibrium prices do not occur, even for 

absolutely homogeneous goods. This is true even if one sets narrow geographic boundaries (a 

city) and considers only short time periods (< 1 day). 

The neoclassical market model can be decomposed into three main components: 1. Aggregate 

supply function, 2. Aggregate demand function, 3. Equilibrium price. As already stated in the 

introduction, the first two main components escape empirical observation. This is because both 

suppliers and demanders have clearly discernible motives for never giving honest, but always 

strategically distorted information about their willingness to supply or demand at different price 

levels. 

Therefore, the focus of empirical research on the neoclassical market model must be on observing 

price differences. The research results presented here support the findings of numerous previous 

studies. With very few exceptions, no equilibrium price emerges. 

One might have expected that the increased importance of the Internet would contribute to a 

reduction in search costs and information costs, so that the empirically observable price 

deviations would decrease significantly. However, the price observations presented here do not 

indicate this at all. 
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Contrary to what the neoclassical market model suggests, we are dealing with a highly 

fragmented market. Even at one place and at one time, transactions of a homogeneous good are 

carried out at quite different prices. Aggregation of demand and aggregation of supply do not 

occur in reality. The demanders do not act as a group. Instead, with their respective demands 

they are fragmented into small groups or even completely isolated from the other demanders. 

The situation is no different for suppliers. They, too, do not act as a group. Their offerings are also 

fragmented or even isolated. No retailer has an overview of the entire demand. No customer has 

an overview of all the suppliers. Thus, some suppliers always meet some demanders without 

knowing or paying attention to the overall situation of aggregated supply and aggregated 

demand. Individual demands meet individual offers in a completely unconnected and 

uncoordinated way. This leads to transactions that show entirely different price levels - even for 

completely homogeneous goods, even at one and the same place and at one and the same time. 

The reasons for this structural market fragmentation lie primarily in the non-fulfillment of the 

model assumptions of the neoclassical market model. In economic reality, there are herd 

behavior, strategic behavior, asymmetric information distributions, externalities, search costs, 

information costs, negotiation costs, decision costs, monitoring costs, and enforcement costs. 

Real economic agents are, as a rule, far from rationally seeking their pecuniary utility maximum. 

On the contrary, many people tend to behave irrationally at least occasionally. They accept higher 

prices because a store offers nice parking spaces, because they like the shopkeeper or because 

they are happy to chat with the nice staff from time to time. 

The neoclassical market model is unquestionably the best-known and most influential model that 

economic science has ever produced. Even economic laymen know the representation of the 

aggregate demand function, the aggregate supply function, and the formation of an equilibrium 

price. But what is left of this model if two main components are not empirically observable and 

empirical observations of the third main component regularly point to the conclusion that market 

activity is inaccurately described by the neoclassical market model? A sober assessment must 

lead to the conclusion that the neoclassical market model consists to one half of wishful thinking 

and to the other half of (more or less esoteric) beliefs. The neoclassical market model thus 

appears to belong to the same category as the unicorn, the Yeti, and the Loch Ness monster. 

This sobering finding makes two consequences inevitable: 

1. Economic theory must produce a new market model that adequately reflects the

fragmentation of markets. So far, economic research has been too comfortable. It is often

conceded that the neoclassical market model does not (quite) accurately describe reality.

But in the same breath, the view is often expressed that, on the whole, things will

probably work out more or less as in this model. This attitude, however, is unworthy of a

science. The equilibrium price is said to have a steering function. This steering function is

connected with an efficiency expectation. If, however, no equilibrium price is achieved,

the assumed steering function of the price does not occur, and the efficiency promise

remains unfulfilled. Real markets thus deviate fundamentally from the neoclassical

market model. For this reason, it is wrong to consider market orientation as the solution

to almost all economic problems, as the protagonists of the Austrian School have done in

the past 100 years.
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2. Economic policy must no longer follow the efficiency promise of market orientation.

Generations of economic policymakers believed that the establishment of market

mechanisms would automatically lead to efficient outcomes. Public health policy in

Germany can be seen as an example of the failure of this approach. For about 40 years,

every Minister of Health has been given the task of ensuring more competition in the

healthcare system and thus contributing to cost containment. In the course of this market

orientation, many hospitals were privatized and competition between hospitals was

stimulated. It was hoped that this would uncover hidden reserves of personnel and

materials and lead to more efficient and cost-effective healthcare. The result, however,

was that high-cost healthcare services in particular were performed more frequently and

that costs in the hospital system continued to rise unchecked. In 2019, 315 artificial hip

joints were implanted per 100,000 inhabitants in Germany. That is almost twice as many

interventions as the average for OECD countries, where only 174 corresponding

operations per 100,000 inhabitants occurred in 2019 (OECD, 2021). In a sector as strongly

characterized by asymmetric information distributions as the healthcare sector,

competition cannot lead to efficient market outcomes. A patient cannot independently

judge whether an artificial hip joint is the appropriate treatment. A patient must rely on

the judgment of a physician. If, however, the latter is encouraged to perform as many hip

operations as possible by means of correspondingly high remuneration, competition

between hospitals will not lead to greater efficiency, but rather to increasing misuse in

public healthcare.

In view of the empirical results presented in this study, we should address these challenges in 

economic theory and economic policy with great commitment. 

6. Summary

The neoclassical market model enjoys great popularity and continuous dissemination in academic 

teaching. In the neoclassical market model, rising prices mean that suppliers are more willing to 

provide goods. At the same time, however, rising prices reduce the willingness of demanders to 

purchase these goods. The resulting aggregate supply and demand function form an intersection 

which characterizes the equilibrium price and, according to the theory, leads to market clearing. 

The neoclassical market model, however, has a weakness in its model assumptions, which often 

cannot be regarded as fulfilled in reality.  

This study aims to empirically test the validity of the neoclassical market model and to determine 

whether a neoclassical market can be observed in reality. For this purpose, price observations of 

homogeneous goods within a narrow geographical area at a specific point in time are conducted 

and analyzed. According to the neoclassical market model, a homogeneous good should have an 

equilibrium price and be traded at the same price by different sellers within a spatially and 

temporally delimited market. In academic discourse, similar price observations have repeatedly 

revealed widely varying prices for homogeneous goods (see, for example, Vukina & Zheng, 2010; 

Brynjolfsson & Smith, 2000; Borenstein & Rose, 1994; Dahlby & West, 1986; Pratt, Wise & 

Zeckhauser, 1979). Not only the massive political and societal influences on markets with the 

beginning of the 2020s (Covid-19 pandemic, collapse of international supply chains, war in 
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Ukraine, etc.), but also the progressive development of online trade mean that the validity of 

empirical findings has to be permanently verified by science. 

Between October 2020 and May 2022, students at Ostfalia University of Applied Sciences in 

Wolfsburg conduct 146 price comparisons for 77 different goods with a total of 2,217 individual 

price observations. They record 59 price comparisons for food items, 47 price comparisons for 

drugstore items, and 40 price comparisons for other products. The price comparisons take place 

both in brick-and-mortar retail and in online retail. We analyze the recorded prices both 

separately for each type of retail and aggregated, and also consider the impact of any shipping 

costs that may apply. We consider the percentage price range of the observed goods and 

determine the coefficients of variation to analyze the extent of deviation from an equilibrium 

price. 

It turns out that in 143 out of 146 price comparisons, the percentage price range, the standard 

deviation, and the coefficient of variation are non-zero. The other three price comparisons are 

based on very few observations. In another study analyzed, a second price comparison was 

carried out for one of these three goods with a significantly higher number of individual price 

observations, and it was found that an equilibrium price cannot be observed. According to our 

data, the setting of an equilibrium price for a homogeneous good cannot be observed in a 

spatially and temporally delimited market (p-value of one-sample t-test ≤ 0.001). 

The strongest deviation from an equilibrium price is found in the aggregated analysis of brick-

and-mortar and online retail including shipping costs with a coefficient of variation of 0.416. In 

brick-and-mortar retailing only, we find the smallest deviation from an equilibrium price with a 

coefficient of variation of 0.145. The fact that online retailers can operate in the same geographic 

area as brick-and-mortar retailers seems to result in a stronger deviation from an equilibrium 

price overall. 

Our results are consistent with previous academic findings in the literature. Despite recent 

massive political and social influences on markets, our results support previous empirical findings 

that do not observe an equilibrium price according to the neoclassical market model in reality. 

Transactions of homogeneous goods are carried out at different prices. In contrast to the 

neoclassical market model, market activity in reality is highly fragmented. There is no aggregation 

of supply and demand. Suppliers do not act as one group, within suppliers there are many groups 

that act separately. Consumers do not act as one group either, within consumers there are also 

many groups that act separately from each other. The entirety of supply and demand cannot be 

processed by individual actors. As a result, transactions occur at different price levels, even 

though the goods in question are homogeneous. 

Economic theory must take the fragmentation of markets adequately into account and produce 

a new market model. Economic policy should abandon the naïve notion that the establishment 

of market mechanisms alone will produce efficient results. 
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Appendix A: Overview of the analyzed products and prices 

Table A-1: Summary of price comparisons 

Product 
Price 

comparisons 
Prices 

WIHSt 
No. 

Category "Drugstore" 47 634 - 

2 9 6 
1 5 6 
3 14 6 
2 35 3, 5 
3 32 4 
1 13 10 
2 40 8 
1 4 6 
1 4 6 
3 15 6 
3 25 11 
1 7 5 
3 29 10 
1 20 10 
1 3 6 
3 24 6 
1 10 7 
3 44 4 
1 19 9 
1 17 9 
1 22 10 
6 201 2 

Algemarina Trockenshampoo 200ml 
Aptamil "Pronatura PRE" 800g 
Bebe "Creme Intensivpflege" 50ml 
Duschdas Sport 2-in-1 250ml 
Kneipp "Lebensfreude" 
Head&Shoulders Apple Fresh 300ml 
Head&Shoulders Classic Clean 300ml 
Hipp "Ultra Sensitiv" Feuchttücher 4er Pack 
Hipp "Zart Pflegend" Feuchttücher 4er Pack 
I Love Extreme Mascara "Volume" 
Nivea Deoroller Fresh pure 0% 
Nivea Dry Impact Deo 150ml 
Nivea Soft 200ml 
Odol-med3 Zahnpasta Extra White 125ml 
Pampers "Baby Dry" 21 Stück 
Pampers "Premium Protection" 26 Stück 
Pantene PRO-V Repair & Care 300ml 
Pflaster Hansaplast "Classic"  
Pril Kraftgel Ultra Plus 
Schauma 7 Kräuter Shampoo 
Tempo Taschentücher 30 x 10 Stück 
UHU Kleber 21g 
Zahnpasta Elmex "Kariesschutz"  3 42 4 

Category "Food" 59 776 - 

1 22 10 
1 9 3 
1 6 5 
1 17 10 
2 25 5, 9 
1 12 3 
2 24 1, 3 
1 6 1 
2 40 8 
1 10 3 
1 10 1 
3 19 4 
1 9 5 
3 21 4 
1 9 3 
1 11 3 
1 15 9 
1 20 8 
1 6 1 

Airwaves Kaugummis Cool Cassis 12 Stück 
Airwaves Strong Kaugummi 12 Stück 
Barilla Penne Rigate 500g 
Coca-Cola Original Taste 0,33l 
Dr. Oetker Ristorante Salame 320g 
Professional White Kaugummi 50 Stück 
Funny-frisch "Ungarisch" 175g 
Géramont "Classic" 200g 
Haribo Goldbären 200g 
Haribo Happy Cola 200g 
Heineken Pils 6 x 0,33l 
Honig Langnese "Flotte Biene" 250g 
Jägermeister 0,7l 
Konfitüre Schwartau Extra Erdbeere 340g 
Leibniz Keks'N Crem Choco 228g 
Lindt Lindor Kugel Milch 100g 
Maggi Ravioli in Tomatensauce 800g 
Maggi Würze 250g 
Milka "Haselnussschokolade" 100g 
Milka Alpenmilch 100g 3 50 5, 8 
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Milka Luflée Schokolade 100g 1 9 7 
Niemand Dry Gin 0,5l 6 101 2 
Nutella Nuss-Nugat-Creme 450g 4 32 3, 4 
Pom-Bär Original 75g 1 32 3 
Pringles "Original" 200g 2 21 1, 5 
Pringles Chips Sour Cream & Onion 200g 1 13 3 
Red Bull Classic 250ml 5 53 1, 3, 11 
Red Bull Sugarfree 250ml 1 19 9 
Ritter Sport Alpenmilch 100g 2 40 8 
Ritter Sport Voll-Nuss 100g 1 28 3 
Snickers 50g 2 16 2 
Toffifee 125g 1 29 3 
Uncle Ben’s Express Langkornreis 250g 2 36 8 
Vilsa Classic 12 x 0,7l Kasten 1 6 5 

Category "Other" 40 807 - 

AirPods 2. Gen. / MV7N2ZM/A 6 338 2 
Aspirin 500mg (20 Tabletten) 2 18 5 
Baby Einstein Magic Touch Piano 2 64 7 
Big Bobby Car Classic Sansibar 2 18 7 
Converse Chuck Taylor All Star High 3 29 11 
FIFA 21 (Playstation 4) 1 39 1 
FIFA 22 (Playstation 5) 1 11 5 
HP 302 Cyan/Magenta/Gelb Druckerpatrone 3 35 11 
JBL Flip 5 1 30 1 
KTM Radical Kids Training Bike 2 13 7 
Nintendo Switch 1 37 1 
PS4 Wireless Dualshock Controller, V2 1 43 1 
Sony Playstation 5 Disc Version 1 5 6 
TomTom "Go Discover 7" 2 14 6 
Toniebox Starterset inkl. Kreativtonie 1 11 7 
UNO Standard 3 31 11 
WMF Kult X Mix & Go 0,6l 5 47 5, 11 
WMF Toaster Stelio Edelstahl 1 15 9 
Xiaomi Scooter 1S 2 9 6 

Total 146 2,217 -
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Appendix B: Translation of product descriptions 

Table A-2: Product descriptions in English 

Product name English description 

Category "Drugstore" 

Dry shampoo 
Baby food 
Moisturizer 
Shower gel 
Shower gel 
Shampoo 
Shampoo 
Wet wipes 
Wet wipes 
Mascara 
Deodorant stick 
Deodorant spray 
Moisturizer 
Toothpaste 
Diapers 
Diapers 
Hair care product 
Plaster 
Dishwashing detergent 
Shampoo 
Tissues 
Glue 

Algemarina Trockenshampoo 200ml 
Aptamil "Pronatura PRE" 800g 
Bebe "Creme Intensivpflege" 50ml 
Duschdas Sport 2-in-1 250ml 
Kneipp "Lebensfreude" 
Head&Shoulders Apple Fresh 300ml 
Head&Shoulders Classic Clean 300ml 
Hipp "Ultra Sensitiv" Feuchttücher 4er Pack 
Hipp "Zart Pflegend" Feuchttücher 4er Pack 
I Love Extreme Mascara "Volume" 
Nivea Deoroller Fresh pure 0% 
Nivea Dry Impact Deo 150ml 
Nivea Soft 200ml 
Odol-med3 Zahnpasta Extra White 125ml 
Pampers "Baby Dry" 21 Stück 
Pampers "Premium Protection" 26 Stück 
Pantene PRO-V Repair & Care 300ml 
Pflaster Hansaplast "Classic"  
Pril Kraftgel Ultra Plus 
Schauma 7 Kräuter Shampoo 
Tempo Taschentücher 30 x 10 Stück 
UHU Kleber 21g 
Zahnpasta Elmex "Kariesschutz"  Toothpaste 

Category "Food" 

Chewing gum 
Chewing gum 
Pasta 
Soft drink 
Pizza 
Chewing gum 
Potato chips 
Cheese 
Jelly sweets 
Jelly sweets 
Beer 
Honey 
Liquor 
Jam 
Cookies 
Chocolate 
Pasta 
Sauce 
Chocolate 
Chocolate 

Airwaves Kaugummis Cool Cassis 12 Stück 
Airwaves Strong Kaugummi 12 Stück 
Barilla Penne Rigate 500g 
Coca-Cola Original Taste 0,33l 
Dr. Oetker Ristorante Salame 320g 
Professional White Kaugummi 50 Stück 
Funny-frisch "Ungarisch" 175g 
Géramont "Classic" 200g 
Haribo Goldbären 200g 
Haribo Happy Cola 200g 
Heineken Pils 6 x 0,33l 
Honig Langnese "Flotte Biene" 250g 
Jägermeister 0,7l 
Konfitüre Schwartau Extra Erdbeere 340g 
Leibniz Keks'N Crem Choco 228g 
Lindt Lindor Kugel Milch 100g 
Maggi Ravioli in Tomatensauce 800g 
Maggi Würze 250g 
Milka "Haselnussschokolade" 100g 
Milka Alpenmilch 100g 
Milka Luflée Schokolade 100g Chocolate 
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Niemand Dry Gin 0,5l Liquor 
Nutella Nuss-Nugat-Creme 450g Hazelnut spread 
Pom-Bär Original 75g Potato chips 
Pringles "Original" 200g Potato chips 
Pringles Chips Sour Cream & Onion 200g Potato chips 
Red Bull Classic 250ml Energy drink 
Red Bull Sugarfree 250ml Energy drink 
Ritter Sport Alpenmilch 100g Chocolate 
Ritter Sport Voll-Nuss 100g Chocolate 
Snickers 50g Chocolate bar 
Toffifee 125g Caramel candy 
Uncle Ben’s Express Langkornreis 250g Rice 
Vilsa Classic 12 x 0,7l Kasten Mineral water 

Category "Other" 

AirPods 2. Gen. / MV7N2ZM/A Earphones 
Aspirin 500mg (20 Tabletten) Medicine 
Baby Einstein Magic Touch Piano Piano 
Big Bobby Car Classic Sansibar Toy car 
Converse Chuck Taylor All Star High Shoes 
FIFA 21 (Playstation 4) Video game 
FIFA 22 (Playstation 5) Video game 
HP 302 Cyan/Magenta/Gelb Druckerpatrone Printer cartridge 
JBL Flip 5 Portable speaker 
KTM Radical Kids Training Bike Bike 
Nintendo Switch Game console 
PS4 Wireless Dualshock Controller, V2 Game controller 
Sony Playstation 5 Disc Version Game console 
TomTom "Go Discover 7" Navigation device 
Toniebox Starterset inkl. Kreativtonie Toy 
UNO Standard Card game 
WMF Kult X Mix & Go 0,6l Blender 
WMF Toaster Stelio Edelstahl Toaster 
Xiaomi Scooter 1S Electric scooter 
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Appendix 

Additional Contributions to the Scientific Debate 

During the course of my doctoral studies, I have made further contributions to the 
scientific community, which are listed here. 

In a multidisciplinary research team with experts from the research fields of law, computer 
sciences, and innovation, I have contributed to a research paper on the application of artificial 
intelligence in the mobility sector and emerging legal and ethical issues. The paper was 
published through Verlag C.H. Beck. In particular, I helped conceptualize the research, 
organized the literature, wrote the chapter on the organizational dimension, and took care of 
formatting.

• Bittner, J., Debowski, N., Lorenz, M., Raber, H. G., Steege, H., & Teille, K. (2021). Recht und
Ethik bei der Entwicklung von Künstlicher Intelligenz für die Mobilität, Neue Zeitschrift für
Verkehrsrecht, 34(10), 505-514.

Moreover, the following presentations and workshops were held based on the results 
of this dissertation: 

• Future Learning Session: Algorithm Aversion - Warum wir Zweifel haben (presentation
and discussion with over 300 Volkswagen employees together with research partner
Jan René Judek), April 2021.

• The Tragedy of Algorithm Aversion (presentation and discussion), 2021 ESA Global
Online Around-the-Clock Conference, July 2021.

• Gestaltungswille und Algorithm Aversion – Die Auswirkungen der Einflussnahme im
Prozess der algorithmischen Entscheidungsfindung auf die Algorithm Aversion
(presentation and discussion), Jahrestagung der Gesellschaft für experimentelle
Wirtschaftsforschung, Magdeburg, October 2021.

• An Introduction to Algorithm Aversion (presentation and discussion with 145
Volkswagen employees at a company-wide online conference), January 2022.

• Method Tryout: Experimentelle Forschung (interactive hands-on workshop on
experimental economics with Volkswagen employees), February 2022.

• Impact of the Decoy Effect on Algorithm Aversion (presentation and discussion with
Volkswagen managers),  June 2022.
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Appendix - Declaration of Contribution to Each Study

Declaration of Contribution to Each Study

First contribution: Reducing Algorithm Aversion through Experience 

45% - Conceptualization, literature analysis, methodology, experimental design, programming 

and conducting of the economic experiment, data analysis, writing, formatting, editing. 

Second contribution: The Tragedy of Algorithm Aversion 

45% - Conceptualization, literature analysis, methodology, experimental design, programming 

and conducting of the economic experiment, data analysis, writing, formatting, editing. 

Third contribution: Comparing Different Kinds of Influence on an Algorithm in Its Forecasting 

Process and Their Impact on Algorithm Aversion 

45% - Conceptualization, literature analysis, methodology, experimental design, programming 

and conducting of the economic experiment, data analysis, writing, formatting, editing. 

Fourth contribution: Impact of the Decoy Effect on Algorithm Aversion 

100% - Conceptualization, literature analysis, methodology, experimental design, programming 

and conducting of the economic experiment, data analysis, writing, formatting, editing. 

Fifth contribution: Algorithm Aversion as an Obstacle in the Establishment of Robo Advisors 

45% - Literature analysis, methodology, experimental design, programming and conducting of 

the economic experiment, data analysis, writing, formatting, editing. 

Sixth contribution: Interest Rate Forecasts in Latin America 

45% - Conceptualization, literature analysis, methodology, research design, data collection, data 

preparation, data analysis, writing, formatting, editing. 

Seventh contribution: Sticky Stock Market Analysts 

45% - Conceptualization, literature analysis, methodology, research design, data collection, data 

preparation, data analysis, writing, formatting, editing. 

Eighth contribution: Unicorn, Yeti, Nessie, and Neoclassical Market – Legends and Empirical 

Evidence  

45% - Conceptualization, literature analysis, methodology, research design, data collection, data 

preparation, data analysis, writing, formatting, editing.

______________________________________________ 
September 1st, 2022, Marco Lorenz 
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Ph.D. program in Economics 

Declaration for admission to the doctoral examination 

I confirm 

1. that the dissertation that I submitted

Algorithm Aversion and Other Causes of Bias in Decision Behavior - Studies on 
Algorithm Aversion, Capital Market Forecasting, and Price Dispersion 

was produced independently without assistance from external parties, and not contrary 
to high scientific standards and integrity,  

2. that I have adhered to the examination regulations, including upholding a high degree
of scientific integrity, which includes the strict and proper use of citations so that the
inclusion of other ideas in the dissertation are clearly distinguished,

3. that in the process of completing this doctoral thesis, no intermediaries were
compensated to assist me neither with the admissions or preparation processes, and in
this process,

- No remuneration or equivalent compensation were provided
- No services were engaged that may contradict the purpose of producing a
doctoral thesis

4. that I have not submitted this dissertation or parts of this dissertation elsewhere.

I am aware that false claims (and the discovery of those false claims now, and in the future) with 
regards to the declaration for admission to the doctoral examination can lead to the 
invalidation or revoking of the doctoral degree. 

______________________________________________ 
September 1st, 2022, Marco Lorenz 
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