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Introduction 
 

Artificial intelligence (AI) systems and machine learning algorithms are rapidly being used in  both the 

private and public sectors to simplify basic and complex decision-making processes. Most economic 

sectors, including transportation, retail, advertising, and electricity, are being disrupted by data 

digitization on a large scale, as well as the emerging technologies that use it. Computerized systems 

are being implemented to increase precision and drive objectivity in government operations, and AI is 
having an effect on democracy and governance. 

Computers have made it simple to extract new insights thanks to the availability of large data sets. As 

a result, algorithms have evolved into more complex and ubiquitous methods for automated decision-

making. Algorithms are a series of step-by-step instructions that computers obey to complete a task. 

Hiring, advertisement, criminal punishment, and lending decisions were all made by humans and 

organizations in the pre-algorithm era. These decisions were often regulated by federal, state, and 

local laws that set standards for justice, openness, and equality in decision-making (Lee, Resnick, & 

Barton, 2019). Today, some of these decisions are taken or influenced entirely by computers, whose 

size and statistical rigor promise previously unheard-of efficiencies. Algorithms are using large 

amounts of macro- and micro-data to influence decisions affecting people in a variety of activities, 

ranging from movie recommendations to assisting banks in determining a person's creditworthiness. 

Algorithms in supervised machine learning depend on multiple data sets, or training data, that specify 

the correct outputs for specific people or artifacts. It then learns a model that can be applied to other 

people or artifacts and predicts what the correct outputs should be for them based on the training 
data (Lee et al., 2019). 

However, since machines can handle people and artifacts in similar situations differently, research is 

beginning to show some disturbing cases in which algorithmic decision-making using data on and 

about human subjects fails to meet our standards. As automation in the form of machine learning has 

begun to replace human decision making, and the scope and scale of problems solved by ML has 

gotten “big”, there is increased concern from researchers (Sweeney, 2013), activists (Bandari, 2016), 

and governments (Munoz et al., 2016). As a result, some algorithms run the risk of reproducing and 

even amplifying human biases, particularly those that affect vulnerable groups. Automated risk tests 

used by U.S. judges to decide bail and penalty limits, for example, may produce inaccurate results, 
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resulting in large cumulative impacts on some populations, such as longer jail terms or higher bails 
levied on people of color. 

Laws against discrimination in many countries outlaw unfair treatment of people based sensitive 

attributes such as race or gender (Civil Rights Act, 1964).  These laws converge on a standard of fairness 

based on two separate and equal concepts: disparate treatment and disparate outcome.  Any process 

of making a decision that bases the decisions entirely or in part on sensitive attributes suffer from 

disparate treatment.  If the decisions disproportionately hurt (or benefit) people with sensitive 
attributes, then it suffers from disparate impact. 

It is desirable to create ML systems that do not suffer from disparate treatment or disparate outcomes, 

however, controlling for both has proved difficult.  Disparate treatment can be controlled by removing 

all sensitive attributes from the data that is used to train the ML system and therefore the system can 

not learn from it.  However, neural networks can still often learn the very same sensitive attributes 

that were omitted which leads to disparate impact.  With human subjects, ML systems are trained on 

historical data, and if a group with sensitive attributes was discri minated in the past, this 

discrimination will become encoded in the ML system through future predictions (Pedreshci et al., 
2008).   

Statistical models and other machine learning models that help us perform web searches, see related 

social media posts, and get Netflix and Spotify recommendations are common among computer users. 

But, for behaviors with less predictable results and potentially higher stakes, such as investing, driving 

vehicles, performing surgery, or evaluating job and university applications, are we ready to accept the 

results produced by machine learning models? Machine learning algorithms already outperform 

humans in many decision-making domains. Calculators and analytical instruments produce less 

mathematical mistakes than human problem solvers, and machine learning algorithmic forecasters 
outperform human forecasters on average in more uncertain domains (Dietvorst & Bharti, 2020).  

According to a recent survey, the vast majority of people do not trust machines to make decisions on 

any part of their lives. According to a poll conducted by BCS, The Chartered Institute for IT, more than 

half of UK adults (53 percent) have no confidence in any organization to use machine learning results 

when making decisions about them in areas ranging from education to healthcare. The survey was 

performed in the aftermath of the UK exam crisis, in which a grade-assigning machine learning tool 
was replaced with teachers' predictions. 

People weren't willing to choose an algorithm's decision over their own at firs t, according (Logg, 

Minson, & Moore, 2018). Those who had already predicted the outcomes of political and business 

events, on the other hand, were able to change their predictions based on algorithmic 
recommendations. 

This theory is supported by a second study (Logg et al., 2018)conducted. They wanted to see whether 

people's confidence in their own intelligence would keep them from appreciating algorithms. When 

participants were given the option of depending on an algorithm or on the advice of another human, 

they discovered that they favored the algorithm. When they had to choose between their own 

decision and the advice of an algorithm, however, the algorithm's popularity plummeted. While 

people are comfortable accepting the advantages of algorithmic judgme nt over human judgment, 

when they compare it to their own judgment, their confidence in algorithms appears to decrease. In 

other words, when they have to choose between an algorithm's judgment and someone else's, people 

tend to value algorithms more than when they have to choose between an algorithm's judgment and 

their own. 
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Formation of trust in machine learning 
Trust generally measures the degree of confidence individuals have in strangers or the degree to which 

romantic partners believe in the fidelity of their significant other. Communities, organizations, 

governments, nations, cultures, and societies can all be explained, in part, by trust. Yet the significance 

of trust is not limited to the interpersonal domain; trust can also define the way people interact with 

AI and machine learning algorithms (Hoff & Bashir, 2015).  An important commonality across the 

various fields of research is that almost every explanation of trust includes three components. First, 

there must be a truster to give trust, there must be a trustee to accept trust, and something must be 

at stake. Second, the trustee must have some sort of incentive to perform the task. The incentive can 

vary widely, from a monetary reward to a benevolent desire to help others. In interactions with 

machine learning algorithms, the incentive is usually based on the designer’s intended use for a 

system. Finally, there must be a possibility that the trustee wil l fail to perform the task, inviting 
uncertainty and risk. (Hoff & Bashir, 2015) 

 

Trust formation models 
In this section we apply the trust models of different disciplines in machine -learning context.   

1. ABI model by (Mayer, Davis, & Schoorman, 1995): 

ABI (Ability, Benevolence, Integrity) model addresses three characteristics of a trustee: ability, 

benevolence, and integrity. These three factors tend to account for a significant portion of 

trustworthiness when considered together. 

The ability is the first thing to consider. The ability of machine learning algorithms  can be described 

as a set of skills, competencies, and characteristics that allow them to perform best in a particular 

domain. The trustee's domain of ability is unique because the trustee may be extremely expert in a 

technical field, allowing that individual to be trusted with tasks in that field. The trustee, in our case a 

machine learning model, on the other hand, can lack aptitude, Although such a person might be 

trusted to perform analytic tasks related to one field, it might not be trusted to solve cases in other 

domains. As a result, domain-specific trust exists.  

Benevolence is the second element of ABI. Apart from an egocentric benefit motive, benevolence is 

the degree to which a trustee is believed to try to do good for the trustor. Benevolence implies that 

the trustee has a special relationship with the beneficiary. The partnership between a mentor (trustee) 

and a student is an example of this attachment (trustor). Even though the mentor is not expected to 

assist the student, and there is no extrinsic benefit for the mentor, the mentor wishes to assist the 

student. The understanding of a trustee's optimistic attitude toward the trustor is referred to as 

Benevolence. In machine learning context, the benevolence can not be attributed to the algorithms, 
but to the person or organization who are operating.   

Integrity is the third thing to consider. The trustor's view of the trustee's adherence to a collection of 

values that the trustor deems appropriate is central to the relationship between integrity and trust. 

Again, the integrity component can not be attributed to the machine learning algorithms but to the 
operators.  

The trust, according to the ABI model, is a function as follows: 
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Figure 1: Basic ABI model of trust formation in ML 

Where, ability is a property of an algorithm,  and two other components, (benevolence and integrity) 
are properties of the people/organizations who design or operate the algorithms.  

 

2. Trust based on rationality vs trust based on emotions 

 There are the two forms of trust based on the sources of trust: cognitive trust and affective trust.  

The trust X has in Y's accomplishments, knowledge, and dependability is known as Cognitive trust.  

This trust stems from the head. When people form a cognitive trust in machine learning algorithms, 

they tend to trust them based on evidence of their trustworthiness. Repeated interactions with 

machines allow people to learn, understand, and anticipate the routines and processes of the 

relationship, resulting in a high level of cognitive-based trust. The demonstrated reliability of a 

machine learning model is often used to build Cognitive trust. With cognitive -based trust, people 

evaluate the algorithms’ trustworthiness by weighing the evidence embedded in both the interaction's 
attributes and the characteristics of the algorithms. 

Affective trust, on the other hand, is based on feelings of personal intimacy, empathy, or friendship. 

This kind of trust is based on the heart. In other words, affective-based trust is the confidence that 

one has in another based on feelings evoked by the person's level of care and concern; it is more 

emotional than logical. People who trust because of their positive feelings for the person in question 

are said to have affect-based trust. Those upbeat feelings are what lead to acceptance of vulnerability. 

Simply put, affective-based trust is described as:  

X trusts y because he or she likes Y. 

It is often characterized by feelings of protection and a deep sense of relationship power. Affective-

based trust is influenced by reputation as well, but affective-based trust is more limited to personal 
encounters with others than cognitive-based trust.  

Ability 

Trust Benevolence 

Integrity 
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On the basis of feelings Affective trust is the most common form of trust that people have for their 

parents or partners across cultures. However, cultural variations are important when it comes to 

domains other than interpersonal trust. People are also more likely to form work bonds based 

primarily on cognitive trust in societies that are more "task-based," such as those found in developed 

countries. Trust is "relationship-based" in developing countries, and it is formed through the creation 

of a personal connection. Cognitive and affective trust are not distinct in the corporate worlds of those 

societies, but are intertwined. When cognitive resources are scarce, people are more likely to rely on 

analogic and affective thought patterns, all of which can happen quickly and without conscious 

awareness. 

The affective-based trust is difficult to apply in the context of human’s trust in machine learning 

algorithms. The trust people have in machine learning algorithms is not stemmed from the emotion 

they have towards machine algorithms, but from the repeated interaction and accuracy of predictions 

produced by the machine learning models.  Thus the trust in machine learning algorithm is cognitive 
trust rather than affective trust.  

 

 

3. HET (Human, Environmental, Technological) model by (Siau & Wang, 2018) 

Human characteristics, environmental factors, and technological factors all play a role in determining 

trust in technology. Human characteristics are described as the personality of an individual, the 

trustor's willingness to trust, and the trustee's ability to deal with risks. The attitude or disposition to 

trust of the trustor can be thought of as a general willingness to trust others, and it is affected by a 

range of experiences, personality types, and cultural backgrounds. The term "ability" generally refers 

to a trustee's ability to complete tasks in a particular domain or to a set of skills. For example, if a 

machine learning model performs almost accurately,  a person can place his or her trust in it.  

The essence of the activities, the cultural context, and structural factors are all considered when 

describing the Environment. Tasks come in a variety of shapes and sizes. A duty, for example, may be 

extremely important or trivial. Ethnicity, race, faith, and socioeconomic status may all influence one's 

cultural context. A nation or a specific region may also be linke d to a person's cultural context. 

Americans, for example, are more likely to trust outsiders who belong to the same social groups as 

them, whereas Japanese are more likely to trust those with whom they have direct or indirect 

relationships. Institutional factors refer to the impersonal mechanisms that enable one to behave in 

expectation of a potential successful endeavor. According to the literature, institutional 

considerations are divided into two categories: situational normalcy and systemic guarantees. 

Situational normality refers to the fact that the situation is usual and that everything is in working 

order. Contextual requirements such as promises, contracts, guarantees, and legislation are referred 
to as structural assurances. 

The effect of human characteristics and environment characteristics would be approximately identical 

regardless of who or what the trustee is, whether it is a human, a type of AI, or an entity such as an 

organization or a virtual team. An individual with a high level of trustworthiness, for example, is more 

likely to embrace and rely on others, such as new technology or a new team member (Siau & Wang, 

2018). Similarly, a machine learning solution provided by an institution/organization with a strong 

reputation would have an easier time gaining consumer trust than a similar machine learning solution 
provided by an institution/organization with a weak reputation. 
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Three viewpoints can be used to examine technology characteristics: (1) the technology's efficiency, 

(2) its process/attributes, and (3) its function. While human and environmental characteristics are 

somewhat similar regardless of trustee, the technology characteristics affecting trust would be 
different for AI, ML, computer environment, and robotics than for other objects or humans.  

 

4. Swift Trust and  long-run trust 

There can be a swift trust or a dynamic trust on machine learning algorithms. Swift trust is a term that 

defines the form of trust that is needed in circumstances where people have little to no time to 

establish trust over longer periods of time (Borum, 2010). However, the root of the word "swift trust" 

refers to a dynamic that exists in temporary or short-term working groups. The swift trust was  

proposed in the organizational contexts. Swift trust in algorithms occurs because It might not be 

possible for the user to spend time learning and experiencing machine learning algorithms if time is 

limited and the interaction is temporary. The process of building Trust is, however, always complex. 

After a swift trust, the trust may decay over time. People's feelings of trust in algorithms can shift 

dramatically when they are exposed to new and better models or when algorithms produce biased 

results. 

People's trust in modern automated systems also reflects a posi tivity bias, according to evidence by 

(Dzindolet, Peterson, Pomranky, Pierce, & Beck, 2003). People often believe that computers are 

faultless. As a result, their confidence is the foundation of their initial trust. However, trust in 

automated systems quickly erodes as a result of system errors and biases (Madhavan & Wiegmann, 
2007)  

 

5. DSL model by (Hoff & Bashir, 2015) 

Hoff and Bashir (2015) divided the trust into three categories : dispositional trust, situational trust, 

and learned trust (DSL). The term "dispositional trust" refers to a person's long-term propensity to 

trust machines. Situational trust, on the other hand, is based on the particular circumstances of a given 

relationship. Situational trust is heavily influenced by the environment, but it may also be influenced 

by context-dependent changes in an operator's mental state. The final category, learned trust, is built 

on previous experiences with a particular automated system.  

a) Stable Trust/Dispositional Trust 

Dispositional trust refers to a person's general propensity to trust automation. Long-term tendencies 

resulting from both biological and environmental factors are referred to as dispositional trust. As a 

result, unlike situational and learned trust, dispositional trust is characterized by a relatively stable 

trait over time. In this most basic layer of trust, There four primary sources that affect the dispositional 
trust: culture, age, gender, and personality. 

Culture is one of the most important elements of dispositional trust. Culture i s an especially important 

factor since it is something for which almost anyone can identify. Significant research has shown that 

trust differs through cultures, races, sects, and generational cohorts in the interpersonal domain (Hoff 

& Bashir, 2015). Age also can affect the trust in machine learning algorithms. Cognitive shifts, cohort 
effects, or a combination of the two variables could explain trust in machine learning algorithms.  
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Gender is another factor that could affect the dispositional trust in machine learning algorithms. In 

study by (Gallimore, Lyons, Vo, Mahoney, & Wynne, 2019), participants were asked to rate their trust 

in the robot, its perceived trustworthiness, and their willingness to use similar autonomous robots in 

a variety of settings, ranging from military to commercial to home use. Females registered higher 

levels of trust and perceived trustworthiness in the robot than males, according to the findings of the 

study. Individual variations in robot trust are discussed and their implications are discussed.  

 

Personality also affects the dispositional trust in machine learning.  The personality characteristics of 

an operator are the final component of dispositional trust. Dispositional trust is an enduring 

personality trait that reflects an individual's ability to trust other people during their lives in the 

interpersonal domain. A study by Stokes et al. (2010)looked at the impact of mood on automation 

trust over time. Participants (N = 72) were placed in either a positive or negative mood be fore 

completing a computer-based task with the help of an automated assistant. The results showed that 

mood had a major impact on trust creation at first, but that this impact fades as time passes and 
contact with the automated help increases.  

The factors that could affect the dispositional trust in machine learning algorithm are summarized in 
the following equation:  

𝐷𝑇 = 𝑓(𝐶𝑢𝑙𝑡𝑢𝑟𝑒, 𝐴𝑔𝑒, 𝐺𝑒𝑛𝑑𝑒𝑟, 𝑃𝑒𝑟𝑠𝑜𝑛𝑎𝑙𝑖𝑡𝑦) 

 

 

 

 

 

 

Figure 2: Dispositional trust formation in ML 

 

 

2. Situational Trust 

The formation of trust, as well as its importance in terms of conduct, differs greatly depending on the 

circumstances. The type of automated device, its complexity, and the difficulty of the task for which 

it is used all factor into an operator's trust in it. Machines, like humans, have advantages and 

disadvantages. When assessing the capacities of machine learning algorithms to complete tasks, 

human operators consider the relative complexity of the tasks. 

In (Sauer, Chavaillaz, & Wastell, 2016), a virtual process management environment was used to train 

45 participants for 3.5 hours. During testing, participants were subjected to either 1) a fully accurate, 

automated fault repair facility (faults identified and correctly diagnosed), 2) a misdiagnosis-prone 

facility (faults detected but not correctly diagnosed), or 3) a mis-prone facility (faults detected but not 

correctly diagnosed) (i.e. faults not detected). Participants were checked for 3 hours one week after 

preparation, experiencing two forms of automation failures (misdiagnosis, miss). When operators 
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trained on error-prone automation experienced a diagnostic device malfunction, the findings showed 

that automation bias was extremely high. When automation misdiagnosed a fault, operator errors 

were much higher than when it missed one.  

when there is a greater risk involved, people appear to reduce their dependence on automation. When 

automation, on the other hand, provides greater benefits while presenting less risks, the opposite 

effect may occur. Lyons and Stokes (2012) conducted an experiment in which participants in a 

decision-making task were given assistance from both a person and an automated method. The 

researchers found that when making high-risk choices, participants used human assistance less, 
indicating a preference for automation. 

 

When multiple teammates share responsibility for controlling automation, the trust formation process 

used by individual operators can vary. Groups can help people make better decisions, but they can 

also be prone to polarization, groupthink, and social loafing. Such prejudices tend to suppress dissent 
while encouraging conformity 

 

Subject matter experience may also affect the situational trust on machine learning. Expertise is 

typically the product of a lot of practice in a particular field. People with more subject matter 

experience are less likely to rely on machine learning algorithms than inexperienced operators 
because the trust weakens when the user confronts the machine learning biases.  

The factors that could impact the situational trust on machine learning are summarized in the 
following function: 

𝑆𝑇 = 𝑓(𝑠𝑦𝑠𝑡𝑒𝑚,𝑇𝑎𝑠𝑘, 𝑊𝑜𝑟𝑘𝑙𝑜𝑎𝑑, 𝑅𝑖𝑠𝑘, 𝐵𝑒𝑛𝑒𝑓𝑖𝑡𝑠,𝑂𝑟𝑔, 𝐸𝑥𝑝𝑒𝑟𝑡𝑖𝑠𝑒, 𝑀𝑜𝑜𝑑) 

Where, ST denotes the situational trust in machine learning algorithm.   

 

 

 

 

 

 

 

 

 

Figure 3: Situational trust formation in ML 

 

3. Learned Trust 
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 Learned trust refers to an operator's assessment of a system based on previous experiences or 

current interactions. The operator's prior experience and the machine learning algorithm's success 

have a direct impact on this type of trust. Machine learning algorithm features may have an indirect 
effect on learned trust by altering expectations of model performance.  

The output of a machine learning algorithm can vary during an interaction, and its user's trust will 

likely fluctuate to match the system's real-time performance. Learned trust into two categories: initial 

and dynamic. Initial learned trust refers to trust before interacting with the system, while dynamic 
learned trust refers to trust during the interaction. 

An operator's trust in machine learning algorithms can be distorted by its credibility before they 

encounter it. The trust formation process can be greatly influenced by previous experience with a 

machine learning system. Experience is also valuable because it can help an operator better 
understand the function and operation of a machine learning algorithm. 

 Since pre existing information rarely changes during a single encounter, it only affects initial learned 

trust and not dynamic learned trust. If an operator starts communicating with a system, his or her 
success will have an effect on complex learned trust, which can change dramatically over time.  

Transparency of Machine learning algorithms is another important factor that could impact the 

learned trust. When the inner workings or reasoning automated systems are known to operators to 

assist their comprehension of the system, the learned trust increases. The factors that could impact 
the learned trust on machine learning are summarized in the following functions:  

 

𝐿𝑇𝑖𝑛𝑖𝑡𝑎𝑖𝑎𝑙 = (𝑅𝑒𝑝𝑢𝑡𝑎𝑡𝑖𝑜𝑛,𝐸𝑥𝑝𝑒𝑐𝑡𝑎𝑡𝑖𝑜𝑛, 𝑈𝑛𝑑𝑒𝑟𝑠𝑡𝑎𝑛𝑑𝑖𝑛𝑔)  

𝐿𝑇𝑑𝑦𝑛𝑎𝑚𝑖𝑐 = (𝐸𝑟𝑟𝑜𝑟, 𝑣𝑎𝑙𝑖𝑑𝑖𝑡𝑦, 𝑡𝑟𝑎𝑛𝑠𝑝𝑎𝑟𝑒𝑛𝑐𝑦 

 

Where, LTinitial and , LTDynamic, denotes the initial learned trust, and dynamic learned trust, respectively.  

 

 

 

 

 

 

Figure 4: Learned initial trust formation in ML 
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Figure 5: Learned dynamic trust formation in ML 

 

The theory of planned behavior 

According to the theory of planned behavior, the most significant immediate determinant of a 

person's to perform (or not perform) a behavior is the person's intention to do so. The theory also 

claims that intentions (and behaviors) are influenced by three basic determinants: one that is personal 

in nature (attitude), one that reflects social impact (subjective norm) , and a third that deals with 
control issues (perceived behavioral control) (Ajzen, 2005) (Ajzen, 1991). 

The use of machine learning algorithms by a person is an action or behavior. This behavior is predicted 

by his/her intention to use. And the intention to use is again determined by the attitude, subjective 

norm, and his/her perceived control to use the machine learning. The scenario is depicted in  figure 6.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6. Theory of planned behavior in ML 

Intention 

A person forms an intention to engage in a certain behavior. This intention remains a behavioral 

disposition until, at the appropriate time and opportunity, an attempt is made to translate the 
intention into action. 

Research has provided strong evidence that tendencies to perform particular behaviors can indeed be 

well predicted from corresponding behavioral intentions. At the same time, however, research has 

also revealed considerable variability in the magnitude of observed correlations, and relatively low 

intention–behavior correlations are sometimes obtained. Several factors may be responsible for 
discrepancies between intentions and behavior (Ajzen, 2005).  

Attitude 

towards ML 

Subjective 

Norm about ML 

Intention to 

use ML 

Using ML 

(Behavior)  

Perceived 

behavioral 
control 

Electronic copy available at: https://ssrn.com/abstract=3822437



11 

An individual makes the intention to participate in a particular action. This intention remains a 

behavioral disposition before an effort is made to put the intention into action at the required time 

and opportunity. Research has shown that a person's proclivity for such behaviors can be predicted 

fairly accurately based on their behavioral intentions (Ajzen, 2005). At the same time, research has 

shown that the magnitude of observed correlations varies widely, and relatively low intention–

behavior correlations are sometimes obtained (Ajzen, 2005).  

Disparities in intentions and behavior may be induced by a number of factors. The most critical 

element is intention continuity. Intentions will shift over time, and the more time passes, the more 

likely it is that unexpected events may cause them to shift (Ajzen, 2005). For example, suppose a small 

business owner chooses to use machine learning algorithms in his product website. He or she then 

discovers that the additional revenue or traffic generated as a result of the algorithm will not outweigh 

the expense and time required to implement it. As a result, he/she reconsiders and agrees not to use 

machine learning on the product website. As a result, the actual option is in line with the most recent 
intention not the old intention.  

We would expect to find stronger intentions–behavior associations with short rather than long periods 
of delay because the probability of unintended events increases with time.  

However, closer examination shows that even actions that can normally be performed (or not 

executed) at will are often influenced by factors outside one's control. For example, a behavior such 

as implementing machine learning in a small business could be thwarted by computer malfunction..  

1. Attitude:  

The individual's attitude toward the conduct is the first thing to consider. The individual's positive or 

negative appraisal of performing the desired behavior is referred to as attitude. If the consumer of ML 
perceives positive values from using it, the attitude is positive; otherwise, it is negative.  

2. Subjective norm 

The second determinant of intention is the person’s perception of social pressure to perform or not 

perform a behavior.  The person's sense of social pressure to perform or not perform an action is the 
second determinant of intention. 

It can take two forms: first, whether a specific referent individual approves or disapproves of the 

actions in question (Ajzen, 2020). For example, before employing machine learning, a manager 

determines if his superiors would approve or disapprove of the actions ( i. e., using ML).  

Second, whether or not significant others participate in the actions (Ajzen, 2020). For example, a 

person may check to see whether his market rivals are employing machine learning algorithms. If they 
do, he or she will most likely develop an intention to use ML and execute the behavior. 

3. Perceived behavioral control 

Finally, the capability to conduct the desired action, also known as perceived behavioral regulation, is 

a third determinant of intentions. 

Even if they have positive attitudes toward the activity and feel that important others will approve of 

them doing it, people who believe they lack the means and opportunities to participate in it are 

unlikely to form clear behavioral intentions to engage in it. Internal factors may have an impact on 

whether or not an intended action is carried out successfully. Training and practice can alter some of 
these variables, but others are more resistant to change. 
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 When attempting to perform a behavior, a person can discover that he or she lacks the required 

expertise, skills, or abilities. For example, people may plan to implement a machine learning algorithm 

but be unable to do so due to a lack of coding skills and abilities. New situations occur regularly, and 

we frequently struggle to execute expected behaviors or accomplish our objectives due to a lack of 
required skills. 

 

In short, people plan to engage in a conduct when they favorably judge it, when they are under social 

pressure to engage in it, and when they feel they have the tools and opportunities to do so. 

It is not mandatory to have all three elements in order to shape an intention. Only one or two of the 

factors are necessary to build the intention in some cases, while all three are essential determinants 

in others (Ajzen, 2005). Furthermore, the relative importance of the three factors can differ from one 

individual to the next, or from one population to the next. 

There is however a direct link from Perceived behavioral control to a behavior without mediated by 

intention is shown in dotted line in the figure 6.  In other words, perceived behavioral control can 

influence behavior indirectly, via intentions, and it can also be used to predict behavior directly (Ajzen, 
2005).  
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