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Abstract. Algorithm aversion, characterized by the tendency to distrust algo-

rithmic advice despite its demonstrated superior or identical performance, has 

become an increasingly concerning issue as it reduces the practical utility of al-

gorithms. To gain insights into this phenomenon, our research centers on indi-

vidual traits, specifically focusing on familiarity with algorithms and familiarity 

with the task at hand, and their connections with attitudes toward algorithms. 

We construct a causal model to delve into these relationships and assess how at-

titudes, in turn, impact algorithm aversion. Our analysis draws upon data col-

lected through an online survey involving 160 participants, and we employ 

PLS-SEM for our analysis. The results underscore a noteworthy positive corre-

lation between familiarity with algorithms and attitudes toward algorithms. In-

terestingly, our findings indicate that familiarity with the task or domain 

knowledge does not significantly influence attitudes. Moreover, attitudes are 

demonstrated to have a negative impact on algorithm aversion. These discover-

ies hold significant implications for comprehending and addressing the issue of 

algorithm aversion. They shed light on the roles of individual traits and attitudes 

in shaping people's acceptance of algorithms, ultimately offering valuable in-

sights for mitigating this phenomenon. 

Keywords: Algorithmic decision-making, Algorithm Aversion, Familiarity 

with Algorithms, Familiarity with Task, Attitudes 

1 Introduction 

Algorithms are becoming increasingly prevalent in our everyday lives, impacting 

decisions that affect us directly. Algorithms are constantly used by the government, 

private organizations, and individuals in decision-making, profoundly influencing 

millions of lives. For example, in the USA, judges rely on COMPAS (Correctional 

Offender Management Profiling for Alternative Sanctions) algorithms to decide on 

the likelihood of recidivism. Companies such as Amazon or IBM are using artificial 

intelligence (AI) algorithms to manage their human resources [1, 2]. Similarly, indi-

viduals are increasingly relying on algorithms to decide on what to buy (e.g., Ama-

zon, Ali Express), what to eat (e.g., Uber Eats), where to go (e.g., Tripadvisor), how 

to go (e.g., Google Maps, Uber), and where to live (Airbnb), to name a few. However, 

research indicates that in many cases people are reluctant to follow algorithmic ad-

vice, despite the superior performance of algorithms, a phenomenon known as algo-
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rithm aversion [3, 4]. Such an aversion may lead to serious damage to the overall 

decision quality, undermining the expected value of the algorithm’s utility [5].   

Extant literature discovered many factors related to individual characteristics that 

lead to algorithm aversion. For instance, Mahmud et al. [4] found that an individual’s 

familiarity with algorithms, task, and human advisor plays a significant role in algo-

rithm aversion. In algorithmic decision-making, it is intuitive to believe that individu-

als who are more familiar with the decision task and the general work process of algo-

rithms, are more likely to have positive attitudes toward algorithms. Interestingly, 

while some research indicates that familiarity with algorithms increases the likelihood 

of algorithm acceptance [6], others demonstrate that familiarity with the decision task, 

also known as domain knowledge, has no impact on algorithm adoption [7, 8]. Even, 

some studies reported that familiarity with task is negatively related to algorithm 

adoption [9, 10]. Given the divergent results offered by different studies about the 

impact of different types of familiarity on the utilization of algorithms in decision-

making, it is important to investigate these different types of familiarity in a single 

study for a better understanding of their impact on attitudes toward algorithms. There-

fore, considering the desiderata for a greater understanding of how different types of 

familiarity impact attitudes toward algorithms, we pose the following research ques-

tion: RQ1: How does familiarity with algorithms and tasks influence attitudes toward 

algorithms? Again, several prior studies [11, 12] demonstrate that people’s attitudes 

affect their behaviors (in our case, algorithm aversion). Therefore, to understand the 

role of attitudes in algorithmic decision-making, we pose our final research question: 

RQ2: How do attitudes influence algorithm aversion? 

To address the above research questions, we conducted an online study with 160 

subjects. Collected data were analyzed using the partial least squares structural equa-

tion modeling (PLS-SEM). The results indicate that familiarity with algorithms signif-

icantly affects attitudes, while familiarity with task has no significant effect on atti-

tudes. Attitudes negatively affect algorithm aversion.  

The current study makes two important contributions to algorithmic decision-

making literature [3, 4]. First, our study examines the impact of two types of famili-

arity on attitudes toward algorithms, putting them in a single model to produce a syn-

thesized and holistic body of knowledge about familiarity in the domain of algorith-

mic decision-making. Second, contrary to previous scholarships [9, 10], our study 

shows that domain knowledge has no significant impact on attitudes toward algo-

rithms. Our study also provides practical implications for the managers informing 

what type of familiarity is needed among the individuals to succeed in the implemen-

tation of algorithmic decision-making. 

2 Theoretical Background 

2.1 Algorithmic Decision-making and Algorithm Aversion 

Algorithmic decision-making, often referred to simply as 'algorithms' in our study, is 

an automated process that offers guidance without human involvement. These algo-

rithms can have or lack artificial intelligence (AI) capabilities. The key difference lies 
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in AI-enabled algorithms, also known as AI decisions, which can independently learn 

from data and make decisions [13].  

Algorithm aversion is defined as a behavior of discounting the decisions of algo-

rithms with respect to one's own decisions or others' decisions, either consciously 

being aware of the history of high-performance of algorithms or unconsciously out of 

fundamental distrust toward algorithms [14, 15].  Several factors influence the aver-

sion of algorithms. In a recent literature review on algorithmic decision-making by 

Mahmud et al. [4], it is found that factors related to algorithms themselves, human 

characteristics, decision tasks, and various organization, societal, environmental, and 

cultural factors play critical roles in algorithm aversion. They found that an individu-

al’s familiarity with algorithms fosters an individual’s acceptance of algorithms while 

familiarity with task decreases or, in some cases, does not influence the algorithm 

adoption. However, they do not find any evidence studying both types of familiarity 

in a single study, highlighting the paradoxical effect of familiarity with algorithms 

and familiarity with task. Therefore, the current study takes an initial step by investi-

gating the impact of both forms of familiarity on algorithm aversion. In this study, by 

familiarity with algorithms we refer to the knowledge about the algorithm technology 

in general such as what are algorithms, how they are designed, what they do, how 

they do, and what their advantages and limitations. By familiarity with task, we refer 

to the knowledge and experience pertinent to the task at hand, wherein decision needs 

to be made. 

3 Research Model and Hypotheses Development 

This study aims to examine the different types of familiarity: familiarity with algo-

rithms and familiarity with task in the context of decision-making. The model as-

sumes that different types of familiarity might be related to positive attitudes toward 

algorithms and algorithm aversion The proposed model was controlled for gender, 

age, education, and employment (Fig. 1).  

Familiarity refers to one’s understanding of an entity, often based on prior direct 

and indirect interactions, experience, and knowledge of what, who, how, and when of 

what is happening [16–18]. Within the realm of algorithmic decision-making, 

Mahmud et al. [4] identified three dimensions of familiarity: (1) familiarity with algo-

rithms, (2) familiarity with the decision task, and (3) familiarity with human decision-

makers, whose judgments are compared with those of algorithms. In this study, we 

focus on the first two dimensions. Familiarity with algorithms arises from direct or 

indirect exposure to, or knowledge of, algorithms in a general sense. Similarly, famil-

iarity with a task is acquired through direct or indirect involvement with the task, 

commonly known as domain knowledge. 

Past research has shown that an individual’s familiarity with algorithms signifi-

cantly impacts their attitudes toward algorithms [4, 19]. Familiarity increases trust by 

mitigating uncertainties associated with expectations from and utilization of algo-

rithms through an improved understanding of historical performance [16, 17]. It sim-

plifies the complexities through an understanding of how these algorithms function 
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[16]. Familiarity helps in building confidence in the competence of algorithms [17]. 

Several prior research on consumer psychology demonstrated that an individual’s 

prior experience with the product fosters positive attitudes toward the product. For 

example, studying the investors’ decision-making behavior in the Islamic stock mar-

ket, Husin et al. [20] found that investors’ familiarity with stock influences their atti-

tudes toward the stock. Furthermore, through an experimental study, Dewar et al. [21] 

confirmed the causal effect of familiarity on brand evaluation. Therefore, we posit 

that as individuals become more familiar with algorithms, their attitudes toward algo-

rithms are likely to become more positive.  

H1a: Familiarity with algorithms positively affects the attitudes toward algorithms. 

 

Familiarity with task pertains to one’s experience with the specific task about 

which decisions, recommendations, or predictions are made. Although experience 

with the task increases self-efficacy in using algorithms, such experience does not 

foster attitudes toward algorithms [4]. Prior studies showed that experienced people 

rely less on algorithms. Experienced people feel more confident in their abilities, 

leading them to make decisions independently [22]. Experienced people think that 

they have a greater understanding of the task and the situation, in which they can 

consider many other things that algorithms might not be capable of doing. Due to this 

egocentric bias, stemming from the beliefs of a superior understanding of themselves, 

they trust less in algorithms [10]. Furthermore, due to the black-box nature and lack 

of explanation of the algorithms, people are unsure about how the decisions are made, 

making it challenging to follow algorithmic advice blindly. Taking these insights into 

account, we believe that individual with a high level of familiarity with task displays a 

lower degree of positive attitudes toward algorithms. Thus, we define our next hy-

pothesis: 

H1b: Familiarity with the task negatively affects the attitudes toward algorithms. 

 

Attitude is an individual’s favorable and unfavorable evaluation of a given behav-

ior [20, 23]. People’s attitudes toward algorithms are strongly connected with algo-

rithm aversion [4, 23]. People tend to hesitate in utilizing algorithms when they per-

ceive them as lacking competence [24, 25]. Negative attitudes discourage individuals 

not to rely on algorithms [26, 27]. Prior AI adoption literature suggested a positive 

association between attitudes and the adoption of algorithms [23, 28]. Therefore, we 

propose: 

H3: Attitudes will have a significant negative effect on algorithm aversion. 

 
Fig. 1: Proposed research model. 
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4 Methodology 

4.1 Measures and Data Collection 

To test the proposed model, data were collected through the crowdsourcing platform 

Prolific, using a structured survey questionnaire. For the questionnaire, measurement 

items were adapted from existing literature. Each of the measures of familiarity with 

algorithms [16, 24, 29], familiarity with task [30], and attitudes [29, 31] contains four 

items. The construct algorithm aversion [14, 15] consists of five items. However, due 

to the lack of sufficient loading one item from this construct was dropped from the 

final analysis. A total of 16 items were measured using a 7-point Likert scale. The 

developed questionnaire was pre-tested with five experts (three academics and two 

practitioners) and subsequently made a few modifications according to their sugges-

tions. In the survey, to give a general idea about the algorithms, we provided a short 

scenario about stock market prediction and asked to predict the index value of the 

S&P 500 one month from today with and without the help of the algorithm’s predic-

tion. After the scenario exercise, we asked the respondents to rate the statements re-

lated to measurement items. The survey includes a few attention-check questions to 

exclude responses that are not given with deliberate thought. Besides measurement 

items, we also collected information about the demography of the respondents. 

A total of 173 participants completed the study, out of which 13 failed to respond 

to attention check questions correctly. This left us with a final sample of 160. Among 

the survey population, 52.50% is male, and the average age of the respondents is 

28.03. 71.25% of the respondents are employed and all of them are at least under-

graduate. 

 

4.2 Data Analysis 

Collected data were analyzed using statistical software. In the beginning, SPSS 

28.0.0.0 was used to test the normality, multicollinearity, and common method bias 

(CMB) of the data to ensure the appropriateness of the data for further analysis. In the 

next stage, we used SmartPLS 4 to examine the reliability and validity of the con-

structs and to test the proposed hypotheses, following the partial least squares (PLS) 

approach of structural equation modeling (SEM). A general recommendation for de-

termining the acceptable sample size in PLS is that it should be a minimum of 10 

times greater than the largest number of predictors of the most complex multiple re-

gression in the model [32–34]. Our sample size (N = 160) satisfies this condition. To 

establish the significance of path coefficients, we employed a bootstrapping method 

involving 5000 bootstrap samples [35]. In bootstrapping, we conducted a one-tailed 

test since we assumed the relationships toward a particular direction [36].  
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5 Results 

5.1 Measurement model 

We examined the convergent and discriminant validity, following the procedure sug-

gested by Gefen et al. [37]. Convergent validity was established by assessing the val-

ues of item loadings, composite reliability, and average variance extracted (AVE). We 

maintained a minimum item loading of 0.70, composite reliability of 0.8, and AVE of 

0.5, following the guidelines of Furnell & Locker [38]. To comply with these stand-

ards, we removed one item from the algorithm aversion construct. Thus, we con-

firmed the convergent validity. The descriptive statistics, item loadings, composite 

reliability, and AVEs are presented in Table 1. 

Table 1. Item loadings, VIF, composite reliability, AVEs, and R2 of the constructs. 

Construct Indicators Loading 

> 0.7 

VIF 

< 5 

CR 

> 0.7 

AVE 

> 0.5 

R2 

Familiarity with algo-

rithms 

(FA) 

FA_1 0.887 2.963 0.948 0.792 - 

FA_2 0.856 2.629 

FA_3 0.902 2.878 

FA_4 0.914 2.949 

Familiarity with the task 

(FT) 

FT_1 0.888 2.618 0.897 0.734 - 

FT_2 0.815 2.063 

FT_3 0.894 2.635 

FT_4 0.828 1.957 

Attitudes Att_1 0.900 3.405 0.906 0.773 0.452 

Att_2 0.887 3.127 

Att_3 0.908 3.414 

Att_4 0.817 2.305 

Algorithm Aversion AA_1 0.813 1.680 0.816 0.803 0.339 

AA_2 0.785 1.753    

AA_3 0.766 1.766    

AA_4 0.799 1.587    

VIF = Variance inflation factor; CR = Composite (Rho) reliability; AVE = Average variance 

extracted. 

Table 2. Inter-construct correlations and the square root of AVEs. 

 Algorithm Aversion Attitude FA FT 

Algorithm Aversion 0.791    

Attitudes -0.570 0.879   

FA -0.065 0.247 0.890  

FT 0.027 0.117 0.523 0.857 

FA = Familiarity with algorithms; FT = Familiarity with the task. 

Discriminant validity denotes whether the items of a construct measure the con-

struct in question [39]. Discriminant validity is assessed by comparing whether the 
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values of square roots of AVEs are higher than the values of inter-construct correla-

tions. In Table 2, we can see that the values of square roots of AVEs, presented diag-

onally, are higher than the off-diagonal inter-construct correlation values, confirming 

the discriminant validity between the constructs [38].  

5.2 Structural Model 

The results (Fig. 2) revealed that familiarity with algorithms had a significant positive 

impact on attitudes toward algorithms, supporting H1a (β=0.254, p<0.01). However, 

in contrast to our hypothesis (H1b) that familiarity with task has a negative effect on 

attitudes toward algorithms, the model found no significant effect of familiarity with 

task on attitudes toward algorithms (β=-0.005, ns). Finally, algorithm aversion was 

found to be influenced negatively by attitudes (β=-0.555, p<0.001), thus confirming 

our hypothesis (H2). Altogether, the model explained a 10.10% variance in attitudes 

toward algorithms and a 33.80% variance in algorithm aversion. Regarding the con-

trol variables, we did not find any significant effect. 

 Fig. 2. PLS analysis results (***p < 0.001; **p <0.01; ns: not significant). 

6 Discussion 

6.1 Key findings 

Our study delves into different types of familiarity’s impact on attitudes toward algo-

rithms and subsequent influence on algorithm aversion. The study aims to explore the 

contrasting effects of familiarity (algorithms vs. task) on attitudes toward algorithms. 

First, we examine the influence of familiarity with algorithms and familiarity with 

task on attitudes toward algorithms. Second, we assess the impact of attitudes on algo-

rithm aversion. The analysis of our research model produces several compelling dis-

coveries.  

Familiarity with algorithms demonstrates a significantly positive impact on atti-

tudes toward algorithms, aligning with prior research that has underscored the role of 

familiarity in fostering positive attitudes toward algorithms [20, 40]. Surprisingly, the 

hypothesized negative relationship between familiarity with task and attitudes toward 
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algorithms is not supported (H1b). Although extant literature supports the notion that 

task experience boosts self-confidence, decreasing the reliance on algorithms [8, 9, 

41], a few studies reported that there is no significant relationship between task famil-

iarity and attitudes toward algorithms [7, 8]. Our findings corroborated the latter.  

Concerning the other relationships that were discovered; we found a significant 

negative relationship between attitudes and algorithm aversion. This suggests that 

individuals with a greater degree of positive attitudes toward algorithms are less likely 

to avert algorithms.  

 

6.2 Implications for research 

The study will have several contributions that could benefit scholars and advance 

research in information systems.  

First, extending prior research on algorithm aversion, we underscore how different 

types of familiarity influence attitudes toward algorithms. We contribute empirically 

to algorithm aversion literature by examining the contrasting effects of familiarity 

with algorithms and familiarity with task in a single study. Although the familiarity 

with algorithms and familiarity with task are studied in the prior research separately 

[9, 19], research exploring both in a single study is scarce [8].  

Second, we empirically validated the measurement scale of algorithm aversion de-

veloped by Mahmud et al. [15] in a different context. Although prior research meas-

ured algorithm aversion by observing the behavior of individuals in the experimental 

setting, measuring algorithm aversion using a measurement scale is relatively novel. 

Thus, we contribute to the advancement of algorithm aversion research. 

Third, in terms of practical implication, our study demonstrated a non-significant 

relationship between familiarity with task and attitude toward algorithms. Hence, it is 

intuitive to believe that domain knowledge does not predict the acceptance of algo-

rithms. Therefore, in predicting the algorithm use behavior, practitioners may rethink 

the importance of the user’s domain knowledge. 

 

6.3 Limitations and future research 

Despite the study rigor, the current study has a few limitations that must be acknowl-

edged. First, our study was cross-sectional, which may not capture the changing na-

ture of familiarity and attitudes of individuals. Therefore, longitudinal research may 

be undertaken in the future to overcome this limitation. Second, the study was con-

ducted in a particular context (stock market), thus limiting the generalizability of the 

findings. Therefore, we suggest future study validates our findings by replicating our 

study in different contexts. Third, our model does not introduce any moderator or 

mediator in the proposed relationships. Future research might be undertaken to under-

stand the moderating and mediating impact of different variables in these relation-

ships. 
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7 Conclusion 

This study examined algorithm aversion and its connection to individual characteris-

tics, namely familiarity with algorithms and familiarity with task. The results suggest 

that individuals with a greater degree of familiarity with algorithms tend to possess a 

greater degree of positive attitudes toward algorithmic advice. Interestingly, domain 

knowledge or familiarity with task was not found to significantly influence attitudes 

toward algorithms. Additionally, the study explored the influence of overall attitudes 

toward algorithms on algorithm aversion. These findings bear important implications 

for both research and practice, highlighting the importance of developing positive 

attitudes toward algorithms to overcome algorithm aversion. 

References 

1. Bailey, D., Faraj, S., Hinds, P., von Krogh, G., Leonardi, P.: Special Issue of 

Organization Science: Emerging Technologies and Organizing. Organ. Sci. 30, 

642–646 (2019). https://doi.org/10.1287/orsc.2019.1299. 

2. Vrontis, D., Christofi, M., Pereira, V., Tarba, S., Makrides, A., Trichina, E.: Arti-

ficial intelligence, robotics, advanced technologies and human resource man-

agement: a systematic review. Int. J. Hum. Resour. Manag. 33, 1237–1266 

(2022). https://doi.org/10.1080/09585192.2020.1871398. 

3. Dietvorst, B.J., Simmons, J.P., Massey, C.: Algorithm aversion: People errone-

ously avoid algorithms after seeing them err. J. Exp. Psychol. Gen. 144, 114–126 

(2015). https://doi.org/10.1037/xge0000033. 

4. Mahmud, H., Islam, A.K.M.N., Ahmed, S.I., Smolander, K.: What influences 

algorithmic decision-making? A systematic literature review on algorithm aver-

sion. Technol. Forecast. Soc. Change. 175, 121390 (2022). 

https://doi.org/10.1016/j.techfore.2021.121390. 

5. Filiz, I., René Judek, J., Lorenz, M., Spiwoks, M.: The Tragedy of Algorithm 

Aversion. Ostfalia Hochschule für Angewandte Wissenschaften, Fakultät 

Wirtschaft (2021). 

6. Fenneman, A., Sickmann, J., Pitz, T., Sanfey, A.G.: Two distinct and separable 

processes underlie individual differences in algorithm adherence: Differences in 

predictions and differences in trust thresholds. PLoS ONE. 16, (2021). 

https://doi.org/10.1371/JOURNAL.PONE.0247084. 

7. Kawaguchi, K.: When Will Workers Follow an Algorithm? A Field Experiment 

with a Retail Business. Manag. Sci. 67, 1670–1695 (2021). 

https://doi.org/10.1287/mnsc.2020.3599. 

8. Whitecotton, S.M.: The Effects of Experience and a Decision Aid on the Slope, 

Scatter, and Bias of Earnings Forecasts. Organ. Behav. Hum. Decis. Process. 66, 

111–121 (1996). https://doi.org/10.1006/OBHD.1996.0042. 

9. Allen, R.T., Choudhury, P.: Algorithm-Augmented Work and Domain Experi-

ence: The Countervailing Forces of Ability and Aversion. Organ. Sci. 33, 149–

169 (2022). https://doi.org/10.1287/orsc.2021.1554. 



10 

10. Logg, J.M., Minson, J.A., Moore, D.A.: Algorithm appreciation: People prefer 

algorithmic to human judgment. Organ. Behav. Hum. Decis. Process. 151, 90–

103 (2019). https://doi.org/10.1016/j.obhdp.2018.12.005. 

11. Ajzen, I.: The theory of planned behavior. Organ. Behav. Hum. Decis. Process. 

50, 179–211 (1991). https://doi.org/10.1016/0749-5978(91)90020-T. 

12. Fishbein, M., Ajzen, I.: Belief, attitude, intention, and behavior: An introduction 

to theory and research. Hilosophy Rhetor. 10, (1977). 

13. Wesche, J.S., Langer, M., Sonderegger, A., Landers, R.N.: Editorial to the virtual 

Special Issue: Human-automation interaction in the workplace: A broadened 

scope of paradigms. Comput. Hum. Behav. 134, 107335 (2022). 

https://doi.org/10.1016/J.CHB.2022.107335. 

14. Mahmud, H., Islam, A.K.M.N., Mitra, R.K., Hasan, A.R.: The Impact of Func-

tional and Psychological Barriers on Algorithm Aversion – An IRT Perspective. 

Lect. Notes Comput. Sci. Subser. Lect. Notes Artif. Intell. Lect. Notes Bioinfor-

ma. 13454 LNCS, 95–108 (2022). https://doi.org/10.1007/978-3-031-15342-6_8. 

15. Mahmud, H., Islam, A.K.M.N., Mitra, R.K.: What drives managers towards algo-

rithm aversion and how to overcome it? Mitigating the impact of innovation re-

sistance through technology readiness. Technol. Forecast. Soc. Change. 193, 

122641 (2023). https://doi.org/10.1016/j.techfore.2023.122641. 

16. Gefen, D.: E-commerce: The role of familiarity and trust. Omega. 28, 725–737 

(2000). https://doi.org/10.1016/S0305-0483(00)00021-9. 

17. Komiak, S.Y.X., Benbasat, I.: The effects of personalization and familiarity on 

trust and adoption of recommendation agents. MIS Q. Manag. Inf. Syst. 30, 941–

960 (2006). https://doi.org/10.2307/25148760. 

18. Sun, S., Wang, Y.: Familiarity, Beliefs, Attitudes, and Consumer Responses 

Toward Online Advertising in China and the United States. J. Glob. Mark. 23, 

127–138 (2010). https://doi.org/10.1080/08911761003673454. 

19. Chen, J., Dibb, S.: Consumer trust in the online retail context: Exploring the 

antecedents and consequences. Psychol. Mark. 27, 323–346 (2010). 

https://doi.org/10.1002/MAR.20334. 

20. Husin, M.M., Aziz, S., Bhatti, T.: The impact of brand familiarity, perceived 

trust and attitude on investors’ decision-making in Islamic stock market. J. Islam. 

Mark. (2022). https://doi.org/10.1108/JIMA-04-2020-0093/FULL/HTML. 

21. Dawar, N., Lei, J.: Brand crises: The roles of brand familiarity and crisis rele-

vance in determining the impact on brand evaluations. J. Bus. Res. 62, 509–516 

(2009). https://doi.org/10.1016/J.JBUSRES.2008.02.001. 

22. Sharan, N.N., Romano, D.M.: The effects of personality and locus of control on 

trust in humans versus artificial intelligence. Heliyon. 6, e04572 (2020). 

https://doi.org/10.1016/J.HELIYON.2020.E04572. 

23. Cao, G., Duan, Y., Edwards, J.S., Dwivedi, Y.K.: Understanding managers’ atti-

tudes and behavioral intentions towards using artificial intelligence for organiza-

tional decision-making. Technovation. 106, 102312 (2021). 

https://doi.org/10.1016/J.TECHNOVATION.2021.102312. 



11 

24. Berger, B., Adam, M., Rühr, A., Benlian, A.: Watch Me Improve—Algorithm 

Aversion and Demonstrating the Ability to Learn. Bus. Inf. Syst. Eng. 63, 55–68 

(2021). https://doi.org/10.1007/s12599-020-00678-5. 

25. Luo, X., Tong, S., Fang, Z., Qu, Z.: Frontiers: Machines vs. Humans: The Impact 

of Artificial Intelligence Chatbot Disclosure on Customer Purchases. Mark. Sci. 

38, (2019). https://doi.org/10.1287/mksc.2019.1192. 

26. Gogoll, J., Uhl, M.: Rage against the machine: Automation in the moral domain. 

J. Behav. Exp. Econ. 74, 97–103 (2018). 

https://doi.org/10.1016/J.SOCEC.2018.04.003. 

27. Prahl, A., Swol, L.V.: Out with the Humans, in with the Machines?: Investigat-

ing the Behavioral and Psychological Effects of Replacing Human Advisors with 

a Machine. Hum.-Mach. Commun. 2, 11 (2021). 

https://doi.org/10.30658/hmc.2.11. 

28. Duan, Y., Edwards, J.S., Dwivedi, Y.K.: Artificial intelligence for decision mak-

ing in the era of Big Data – evolution, challenges and research agenda. Int. J. Inf. 

Manag. 48, 63–71 (2019). https://doi.org/10.1016/J.IJINFOMGT.2019.01.021. 

29. Breward, M., Hassanein, K., Head, M.: Understanding Consumers’ Attitudes 

Toward Controversial Information Technologies: A Contextualization Approach. 

Inf. Syst. Res. 28, 760–774 (2017). https://doi.org/10.1287/isre.2017.0706. 

30. Chau, A., K Chau, P.Y., K Lai, V.S.: An empirical investigation of the determi-

nants of user acceptance of Internet banking An Empirical Investigation of the 

Determinants of User Acceptance of Internet Banking. J. Organ. Comput. Elec-

tron. Commer. 13, 123–145 (2003). 

31. Morris, M.G., Venkatesh, V.: Age differences in technology adoption decisions: 

Implications for a changing work force. Pers. Psychol. 53, 375–403 (2000). 

https://doi.org/10.1111/J.1744-6570.2000.TB00206.X. 

32. Whelan, E., Islam, A.K.M.N., Brooks, S.: Applying the SOBC paradigm to ex-

plain how social media overload affects academic performance. Comput. Educ. 

143, 103692 (2020). https://doi.org/10.1016/J.COMPEDU.2019.103692. 

33. Barclay, D., Higgins, C., Thompson, R.: The partial least squares (PLS) approach 

to causal modelling: Personal computer adoption and use as an illustration. 

(1995). 

34. Hair, J.F., Ringle, C.M., Sarstedt, M.: Journal of Marketing Theory and Practice 

PLS-SEM: Indeed a Silver Bullet. J. Mark. Theory Pract. 19, 139–152 (2011). 

https://doi.org/10.2753/MTP1069-6679190202. 

35. Hair, J.F., Hult, G.T.M., Ringle, C.M., Sarstedt, M.: A Primer on Partial Least 

Squares Structural Equation Modeling (PLS-SEM). Sage, Thousand Oaks 

(2017). 

36. Kock, N.: One-tailed or two-tailed P values in PLS-SEM? Int. J. E-Collab. 11, 1–

7 (2015). https://doi.org/10.4018/IJEC.2015040101. 

37. Gefen, D., Straub, D., Gefen, D., Straub, D.: A practical guide to factorial validi-

ty using PLS-Graph: Tutorial and annotated example. Commun. Assoc. Inf. Syst. 

16, 91–109 (2005). https://doi.org/10.17705/1CAIS.01605. 



12 

38. Fornell, C., Larcker, D.F.: Evaluating Structural Equation Models with Unob-

servable Variables and Measurement Error. J. Mark. Res. 18, 39–50 (1981). 

https://doi.org/10.1177/002224378101800104. 

39. Gefen, D., Straub, D.W.: Consumer trust in B2C e-Commerce and the im-

portance of social presence: Experiments in e-Products and e-Services. Omega. 

32, 407–424 (2004). https://doi.org/10.1016/J.OMEGA.2004.01.006. 

40. Copeland, L., Bhaduri, G.: Consumer relationship with pro-environmental appar-

el brands: effect of knowledge, skepticism and brand familiarity. J. Prod. Brand 

Manag. 29, 1–14 (2020). https://doi.org/10.1108/JPBM-03-2018-

1794/FULL/HTML. 

41. Sieck, W.R., Arkes, H.R.: The recalcitrance of overconfidence and its contribu-

tion to decision aid neglect. J. Behav. Decis. Mak. 18, 29–53 (2005). 

https://doi.org/10.1002/BDM.486. 

 


