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Abstract. Complete information is very important to the accuracy of diagnosis 

in healthcare. Therefore, the idea to use conversational agents recording rele-

vant information and providing it to healthcare facilities is of rising interest. A 

promising use case of the involvement of conversational agents is medication, 

as this data is often fragmented or incomplete. The paper at hand examines the 

hindrances in the way of patients sharing their medication list with a chatbot. 

Basing on established theories and using fuzzy-set qualitative comparative 

analysis (QCA), we identify bundles of factors that influence patients lacking 

willingness to interact with a chatbot. Those typologies of patients can be used 

to address these hindrances specifically, providing useful insights for theory and 

healthcare facilities. 

Keywords: Conversational agents, qualitative comparative analysis, status quo 

bias perspective 

1 Introduction 

Adherence to therapies and medication is a primary determinant of treatment success, 

as a poor adherence reduces the clinical benefits and in the long-term, the overall 

effectiveness of health systems [1]. When prescribed a medication, only 50% of pa-

tients stick to their medication plan [1], which imposes severe risks to patients health. 

Further, there is often missing a complete overview on the prescribed and dispensed 

medication, due to inconsistent information between different actors of the healthcare 

system [2]. For example, a patient gets prescriptions from his or her general practi-

tioner and from a cardiologic specialist, without knowing from each other and buys 

more drugs on in the local pharmacy, leading to fragmented information on one’s 

medication plan. As a result, the patient himself might be the only one who knows 

exactly which drugs he is actually taking [2], which makes it not surprising that ad-

verse drug events, such as overdosing, drug-drug-interactions, or contraindications are 

a major safety issue for hospitalized patients [3]. 

To avoid this fragmentation of information and the assigned negative consequences 

for patients’ treatment and health, many European countries try to establish eHealth 

strategies, aiming at providing an accurate, current medication list of a patient [4]. 

One attempt is to integrate chatbots, recording the required information from the pa-
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tient and making it available to physicians [2]. This would not only provide better 

information on the patients’ medication list and plan, but could also help patients’ to 

gain information on the medications and drugs concerning adverse effects, drug-drug-

interactions or contraindications [2]. However, in the same vein, a patient’s medical 

record including the medication list depicts very sensitive data [5], which makes it not 

surprising that many users resist to chatbots in healthcare and are unwilling to change 

their current situation to use a chatbot for medication [6]. This resistance impedes a 

widespread chatbot adoption and therefore, the avoidance of adverse drug events in 

healthcare facilities. Therefore, this study aims at examining patients’ resistance to 

using a chatbot for medication. 

To examine why individuals are unwilling to change their current situation for 

something new depicts the central tenet of the status quo bias perspective (SQBP) [7]. 

The SQBP offers a useful framework to explain resistance behavior on the individual 

level [8].  SQBP is well established to explain resistance behavior in information 

systems (IS)research [9] and other disciplines [10], which is why we draw on SQBP 

to get insights on patients’ resistance to using a chatbot for medication. In deep, the 

SQBP offers six influencing factors causing individuals’ unwillingness to change the 

current status quo for something new factors [7]: transition costs, uncertainty costs, 

loss aversion, sunk costs, anticipated regret, and decisional control. We align with 

recent insights from resistance research in the context of enterprise IS, which states 

that different individuals differ in their reasons for usage resistance [11]. Therefore, 

we follow these insights and suggest that there are multiple configurations of these six 

influencing factors of the SQBP shaping patients resistance to using a chatbot for 

medication. Thus, the aim of this study is to examine those configurations, thus sets of 

influencing factors, that when working together, lead to patients’ resistance to using a 

chatbot for medication. Providing this knowledge respecting the variance in percep-

tions from individual to individual helps to address the reasons why patients resist 

using a chatbot for medication. Consequently, it helps to realize the assigned ad-

vantages in terms of the avoidance of adverse drug effects and availability of the med-

ication data. Therefore, we ask the following research question: 

What configurations of influencing factors lead to patients’ resistance to using a 

chatbot for medication? 

As stated above, to answer our research question, we base on SQBP and apply a 

configurational approach using fuzzy set qualitative comparative analysis (fsQCA). 

Thereby, we reveal four configurations of influencing factors leading to patients’ 

resistance to using a chatbot for medication. We contribute to resistance research by 

showing that resistance cannot be explained by a single influencing factor but by con-

junctions of factors, that are equifinal, meaning that there is more than one configura-

tion yielding the same outcome and asymmetry, indicating that an influencing factor 

within a configuration can be more or less important varying from individual to indi-

vidual. Further, we contribute to chatbot research in the domain of healthcare, as we 

present reasons to resist using a chatbot for medication, which helps healthcare facili-

ties to address these reasons better in order to realize their chatbot project. 
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2 Theoretical Background 

To answer our research question concerning the underlying reasons for patients to 

resist using a chatbot for medication, we need to integrate prior research on chatbots 

in healthcare and prior research about resistance to something new, including the 

status quo bias perspective (SQBP). Integrating all of them enables us to combine 

existing knowledge in order to explain patients’ resistance to using a chatbot for med-

ication. 

2.1 Chatbots in Healthcare 

Chatbots nowadays use natural language processes pattern matching and ontolo-

gies to steadily improve the user experience and their imitation of human-to-human 

conversation [12]. Whereas early chatbots like ELIZA had only rudimentary abilities 

to take part in conversations based on simple decision trees [13], today’s chatbots can 

be defined as computer programs enabling a natural language communication be-

tween a human and a computer, basing on artificial intelligence [12].  To address the 

rising costs and the still increasing demand for employees in the field of healthcare 

[14], the application chatbots in healthcare to reduce costs and optimize personnel-

intensive processes like diagnosis and medication is not new [15]. However, there are 

also specific challenges that need to be considered for the application of technology-

based optimizations, especially for technology, which should be delivered directly to 

patients [16]. The privacy and security of personal health information is a critical 

concern for the implementation of health IT applications [17]. Even if patients value 

the possible benefits accruing from the use of personal health information, they face 

the tension between concerns about the privacy of their information and the need for 

personalization [17]. These specific challenges need to be considered for the applica-

tion of chatbots in this sector, especially for scenarios of chatbot applications that 

directly affect patients, as a disregard of these factors can cause patients’ rejection of 

the chatbot and their resistance to using the chatbot as intended by care providers and 

employees of healthcare facilities.  

Prior research has examined some use cases for chatbots in healthcare [18]. So far, 

chatbots have been already used in a medical offices to perform the interviewing du-

ties of an intake nurse [19] or physician [20] or  as “Pharmabot”, designed for the 

prescription and suggestion of medicine for children, as well as a source for infor-

mation about the medication for their parents [15]. A fourth example is the usage of 

chatbots in the field of mental healthcare [21]. The concept combines natural lan-

guage understanding with emotion recognition and thus enables psychiatric counsel-

ing. The case-based counseling response model is combined with an ethical judgment 

model and has been applied in the intervention of alcohol consumption habits of 

young adults [21]. However, all these studies have focused the adoption or usage of 

chatbots [18, 20], whereas the studies examining the resistance to using chatbots in 

healthcare remain very limited. However, as resistance is not just the opposite of us-

age, due to the causal asymmetry, meaning that the inverted factors for usage of chat-

bot do not necessarily lead to resistance, but there are new specific factors causing 
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resistance [8]. Therefore, to address patients’ resistance to using chatbots for medica-

tion we need to consult explicitly prior research on resistance, which is presented 

hereafter. 

2.2 Resistance and the Status Quo Bias Perspective 

Individuals’ resistance to change or to use a new IS has been an established research 

stream in IS and psychology, covering resistance from different perspectives, as re-

sistance can be expressed through behavior, affective or cognitive resistance or de-

scribe a disposition [8, 22–24]. As the aim of this study is to explain patients’ re-

sistance to using a chatbot for medication, we focus on the behavioral perspective of 

resistance [8], defining resistance as the negative behavioral response associated with 

change. To explain individuals’ unwillingness to change, IS scholars [8, 9, 24, 25] 

and related research [10, 26–28] have widely referred to the status quo bias perspec-

tive (SQBP) [7], considering the costs or threats associated with a change to a new 

situation. According to SQBP, an individual’s resistance to something new is influ-

enced by the six influencing factors transition costs, uncertainty costs, loss aver-

sion, sunk costs, anticipated regret and decisional control [7]. Thereby, individu-

als’ decision to stick with their current situation, meaning that they follow an incum-

bent course of action, rather than deciding to change their situation and adopt a new 

course is biased by these factors, which leads to individuals maintaining the status 

quo. Transition costs are defined as the assessment of the time and effort required to 

adapt to a new situation [24]. Uncertainty costs are defined as the assessment of 

information search and analysis efforts for decision-making [7]. Loss aversion refers 

to the observation that individuals weigh costs higher than gains [29]. Sunk costs 

refer to an individual’s “desire to justify previous commitments to a course of action 

by making subsequent commitment” [7, p.37] and motivate individuals to keep the 

status quo.. Anticipated regret is defined as individuals’ feeling that they will regret 

their decision for something new in the future [30]. When individuals are in the deci-

sion-making process for something new, they asses how they will feel about leaving 

the status quo and whether they will regret leaving the status quo. Decisional control 

refers to the freedom to “make choices as making a decision enforces the individual’s 

perception that he or she controls the situation” [7, p.40].  

So far, SQBP mainly has been used to explain resistance to change in the context 

of implementations of IS in the organizational context [8, 9], but there is no research 

treating the resistance to using a chatbot for medication or connecting resistance re-

search with automation in healthcare. Therefore, we adapt the provided influencing 

factors identified by SQBP to the context at hand where necessary. In line with the 

insights from prior research  [7–9], we define patients’ resistance to using a chatbot 

for medication as patients’ negative behavioral response to the change from their 

current form of consultation to using a chatbot for medication. Further, we adapted 

the identified six influencing factors to our application context, where needed, as 

presented in Table 1. 
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Table 1. Adaptation of influencing factors 

Influence factor Definition in the context of using a chatbot for medication 

Transition costs Patients’ assessment of time and effort requires adapting to use a 

chatbot for medication. 

Uncertainty costs Patients’ assessment of information search and analysis efforts for 

patients’ decision-making whether to use a chatbot for medication. 

Loss aversion Patients’ tendency to weigh the costs of using a chatbot for medica-

tion higher than the benefits of using a chatbot for medication.  

Sunk costs Patients’ assessment of the effort and time invested in establishing 

and following the current form of consultation.  

Anticipated regret Patients’ assessment that they will regret to use a chatbot for medica-

tion. 

Decisional control Patients’ assessment of the freedom whether to use a chatbot for 

medication. 

2.3 Research Gaps 

Drawing on the insights from above, we see that there are several research gaps to 

address, which we want to summarize again in short. 

First, research on the application of chatbots was mainly concerned with the ac-

ceptance of chatbots treating influencing factors of adoption and usage of chatbots. 

Research states that a study of the causes of acceptance often tells us very little about 

the causes of failure [31], as resistance is not the counterpart usage [8]. Those con-

structs are related in causal asymmetry, which means that negating the factors leading 

to the usage of a chatbot does not necessarily lead to resistance, but resistance has 

their own influencing factors, which are not the mirror opposites of factors leading to 

usage [31].  

Second, resistance research treats mainly the examination of resistance to the im-

plementation of a new IS in the organizational context [8, 11, 32], whereas insights on 

the resistance to private IS use, such as chatbots for medication are rare. 

Third, recent research in the context of resistance to enterprise IS revealed, that dif-

ferent individuals resist different influencing factors [11]. This is in line with com-

plexity theory [31, 33, 34], which states that 1) individuals’ behavior is influenced by 

configurations of influencing factors [35, 36]. This means that patients do not evalu-

ate each influencing factor of why they resist using a chatbot for medication in isola-

tion, but they decide upon the complex interaction of the influencing factors, which in 

conjunction influence the behavior (conjunction causation). Furthermore, 2) there is 

no fixed set of influencing factors influencing patients, but that different patients 

might be influenced by different sets of influencing factors (equifinality). This is re-

lated to the fact that 3) influencing factors found to be causally related for one patient 

to explain resistance, may be irrelevant or even inversely related for other patients to 

explain resistance (asymmetry). In summary, theory and previous research suggest 

that an individual’s resistance behavior is determined by configurations of intercon-

nected relationships between influencing factors [37]. This perspective of complex 
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pattern for individual’s behavior generally confirmed in other disciplines [35, 36, 38, 

39] and is initially confirmed with IS resistance research [11]. This suggests that there 

might be a certain typology of resistance behavior expressed through multiple config-

urations of influencing factors yielding and explaining patients’ resistance behavior 

towards using chatbots for medication, which has not been treated so far. 

3 Methodology 

To address the revealed gaps, we base on a quantitative survey study analyzed with 

the configurational approach of fuzzy-set QCA to reveal configurations of factors 

leading to patients' resistance to using a chatbot for medication, as suggested by prior 

IS research [40–43]. The data collection and data analysis are presented in more detail 

below, including the used measures, the validity, and reliability of the measurement 

model and the validity of our results. 

Data collection. We used an online survey using Amazon Mechanical Turk 

(mTurk), which is a  valid and established data collection approach [44], frequently 

applied in research to identify distinct types of individuals [45]. Our sampling strategy 

was to attract individuals from different countries who have consulted their physician 

within the past year, as we wanted them to be able to assess their current consultation 

form and treatment situation. We only accepted individuals who are aware of chat-

bots, meaning that we ask them with a little scenario at the beginning, whether they 

have heard of conversational agents before and if they could name an example where 

they got in touch with them. We provided information on what medication is and how 

the medication process works to explain the use case. We followed recommendations 

and used multiple screening questions to filter out individuals who did not understand 

our explanations [44]. In total 255 individuals participated in the survey, 44 partici-

pants were removed, as they did not pass the screening questions ensuring that the 

individuals understood the concept of chatbots for medication. We removed 15 partic-

ipants as they failed the ‘robot-questions’ (“Please select the shown answer in the 

picture to assure that you are not a robot.”). To ensure a high quality of the data, we 

included two attention tests [44]. The attention tests are questions embedded into 

other questions, asking to select a distinct value on a Likert-scale. In the first attention 

test, eight individuals did not select the correct value on the Likert-scale, and seven 

participants failed the second attention test. Overall, the low failure rate of the atten-

tion test indicates a high quality of the data sample. The final sample consists of 181 

individuals. In line with sample size requirements for QCA studies [46], we need at 

least 30 participants, therefore the sample size is large enough. The demographics are 

displayed in Table 2. 

.  
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Table 2. Demographics 

 
We additionally tested for common method bias and applied Harman’s single fac-

tor test, which indicates how much of the data is explained by only one factor [47, 

48]. Harman’s single factor test reveals that only 35 percent of the variance is ex-

plained by one factor, which is below the recommended 50 percent threshold.  

Measures. Our measures are based on existing validated measures from previous 

research (see appendix). To measure patients’ resistance to using a chatbot for medi-

cation, we adapted three items [24] by changing the context to not using a chatbot for 

medication (Cronbach's alpha: α=0.90). For transition costs, we used two items used 

in previous resistance studies [24]. We adapted the items to our context by referring to 

the usage of a chatbot for medication instead of referring to cloud software (α=0.84). 

For uncertainty costs, we use three items [49] and adapted the items to our context 

(α=0.87). The same applies to our two items for measuring sunk costs [24] (α=0.92) 

and the two items measuring anticipated (action) regret [50] (α=0.88). For decisional 

control, we base on three items [51] (α=0.79). To measure loss aversion, we follow 

the recommendation of Lee and Joshi [9] to assess whether patients assign greater 

weight to costs rather than benefits when deciding on using a chatbot for medication. 

For this, we additionally measured perceived benefits using five items [52]and adapt 

the items to our context (α=0.89). We then compare the perceived costs, composed of 

transition costs and uncertainty costs, to perceived benefits. If the mean perceived 

costs outweigh the perceived benefits, then loss aversion is present. Otherwise, if the 

perceived benefits outweigh the mean perceived costs, then loss aversion is absent.  

Measurement model.  To ensure content validity we only used items validated in 

previous research. All item loadings were higher than 0.707, which attests indicator 

reliability [53]. To test for construct reliability, we tested for the average variance 

extracted (AVE) and composite reliability. The AVE of each construct is higher than 

0.50 and the CR for each construct is higher than 0.70, which attests construct relia-

bility. We can ensure discriminant validity, as the square root of the AVE is higher 

than the corresponding correlations of the constructs [54] (see Table 3). Furthermore, 

we calculated the heterotrait-monotrait (HTMT) ratio, which is 0.72. This is lower 

than the absolute HTMT0.85 criterion [55] and therefore attests discriminant validity. 

Table 2. Demographics of 181 participants 

Country of residence [%] Gender [%] Age [%] (Mean: 34.0; SD:10.7) 

United Kingdom 5.3 Male 39.5 18-20 6.7 

United States 76.8 Female 53.2 21-30 45.6 

Canada 1.6 Other 7.4 31-40 25.6 

Italy 2.1 
  

41-51 13.9 

India 1.6 
  

51 - 60 7.2 

Other 12.6 
  

61 - 70 1.1 

Highest education level [%] 
 

Frequency of medical consultation 
per year [%] (Mean: 2.9) 

High School / GED 13.9 
 

1 38.5 

Some College 15.0 2 18.4 

2-year College Degree 17.2 3 17.8 

4-year College Degree 35.0 4 10.3 

Master’s Degree 13.9 5 4.6 

Professional Degree 5.0 >5 10.3 
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Table 3. Descriptive statistics and discriminant validity 

 
Data analysis using fsQCA. To analyze which configurations of the six SQBP in-

fluencing factors lead to  patients’ resistance to using a chatbot for medication, we 

take a configurational approach [37, 56] and use fuzzy-set qualitative comparative 

analysis (fsQCA). fsQCA primarily reveals sufficient configurations associated with 

an individual’s resistance. Within this configuration, the influencing factors can either 

be present or absent. The data analysis consists of three steps. First, the calibration, 

transforming the scale values of the survey data into fuzzy sets using three qualitative 

anchors (value 1 for full non-membership; value 4 for the crossover point, value 7 for 

full membership) [37, 57]. Second, the analysis of necessary influencing factors that 

need to be present if patients resist using a chatbot for medication. To be considered 

as necessary, the influencing factor needs to exceed the recommended consistency 

threshold of 0.90 [58]. The consistency indicates the degree to which cases with the 

same influencing factors share the same outcome [59]. Third, the analysis of suffi-

cient configurations of influencing factors examining bundles of influencing factors 

leading to patients’ resistance to chatbots for medication. For all three steps, we used 

the fsQCA software 3.0 provided. To conduct the analysis, we first construct the truth 

table which lists all possible configurations of the influencing factors. Because we 

have six influencing factors, the truth table consists of 2k configurations, with k being 

the number of influencing factors. Thus, the truth table shows 64 possible configura-

tions. Second, we apply a recommended frequency threshold (n=2), consistency 

threshold (consistency = 0.85) and a PRI consistency threshold (PRI consistency = 

0.75) to reduce the truth table to sufficient configurations. This means that all config-

urations that do not represent at least two observations, which have a lower consisten-

cy than 0.85 and a lower PRI consistency then 0.80 are excluded from further anal-

yses. Third, we apply the Quine-Mc-Cluskey algorithm to minimize the sufficient 

configurations of influencing factors leading to an individual’s resistance. 
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4 Results 

C4

Conditions

Configuration

Transition costs

Uncertainty costs

Loss aversion

Sunk costs

Anticipated regret

Decicional control

Raw coverage

Unique coverage

Consistency 

Solution coverage

Solution consistency

C1 C2 C3

0.59

0.19

0.93

0.39

0.04

0.96

0.36

0.01

0.98

0. 68

0. 92

Presence of necessary condition

 

Key: 

Condition present

Condition absent

 Don t care situation 

0.36

0.03

0.97

 

Fig. 1. Sufficient configurations leading to patients’ resistance to using a chatbot 

The analysis of necessary influencing factors for patients’ resistance to using a 

chatbot for medication reveals anticipated regret to be a necessary influencing factor 

(consistency > 0.96, coverage > 0.71). This means that every time patients resist using 

a chatbot for medication, they feel that they may regret their decision for it and aim at 

avoiding a potential feeling of regret. Yet, the sheer presence of anticipated regret 

does not necessarily lead to resistance behavior. Therefore, we analyze for sufficient 

configurations of influencing factors. We identified four sufficient configurations 

leading to patients’ resistance to using a chatbot for medication (see Fig. 1). Black 

circles indicate the presence of an influencing factor, e.g. a black circle for uncertain-

ty costs indicates that the patient perceives high uncertainty costs. Crossed out white 

circles indicate the absence of an influencing factor, blank spaces indicate a ‘don’t 

care situation’. For instance, a blank space for uncertainty costs means that in this 

sufficient configuration, uncertainty costs have a subordinated role because the patient 

can either assess to have uncertainty costs or assess not to have uncertainty costs. The 

overall solution consistency is 0.92 and the solution coverage is 0.68. Coverage there-

by is a measure of the proportion of cases explained by the four sufficient configura-

tions. 

The first configuration (C1) indicates the presence of uncertainty costs, sunk costs 

and decisional control, as well as the necessary condition anticipated regret, whereas 

transition costs and loss aversion are outweighed by these factors. This indicated that 

this type of patient does not see a high effort to change to using a chatbot for medica-
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tion and does not worry about the benefits a chatbot could bring. However, the uncer-

tainty of whether it is the right decision to use a chatbot for medication and the strong 

feeling of anticipated regret, in terms of false medication if the chatbot makes a mis-

take or a misuse of private sensitive data, leads to resistance. The third and fourth 

configuration (C3, C4) match the SQBP, as all factors are present and sunk 

costs/uncertainty costs are outweighed by the other factors. The second configuration 

(C2) shows a type of patient who does not feel free in his or her decision in not using 

a chatbot for medication, and is resisting to using a chatbot for medication because he 

just cannot decide to do so. This type is aware of the benefits and does not see any 

transition costs. Further, together with the anticipated regret of misdiagnoses or data 

misuse, it outweighs the lack of transition costs.  

5 Discussion 

Despite the advantages of using a chatbot for medication in terms of data access and 

the avoidance of medication failure, many patients resist to using them [6]. This im-

pedes the widespread adoption of chatbots for medication. This study bases on SQBP 

[7] examine patients’ resistance to using a chatbot for medication respecting that pa-

tients might resist for different reasons, assessing influencing factors differently [11]. 

Based on a quantitative study, we identified four sufficient configurations of these 

influencing factors leading to patient’s resistance to using a chatbot for medication 

with a fsQCA approach. Identifying these sufficient configurations, we contribute to 

existing research and provide guidance to practitioners, which both are presented in 

the following. 

Theoretical contribution. We contribute to the research stream of chatbots in 

healthcare, as we examine the resistance to using chatbots, enlarging recent insights 

focusing on the adoption or usage of chatbots [12]. Resistance is not the not just the 

opposite of usage, due to the causal asymmetry, meaning that the negated factors for 

usage do not necessarily lead to resistance, but there are new specific factors causing 

resistance [8]. To examine these factors, be based on SQBP [7] and adapted the influ-

encing factors to the context at hand. Further, as resistance research in enterprise IS 

revealed, that different individuals resist different (patterns of) influencing factors 

[11] we take a configurational approach and examine what configurations of the six 

influencing factors from SQBP lead to resistance. Using a configurational approach, 

we reveal equifinality of patients’ resistance to using a chatbot for medication [37, 

56]. This means that a patient’s resistance is not explained by one configuration of 

influencing factors. Contrary, there exist four sufficient configurations, which all lead 

to patient’s resistance. Future research should, therefore, consider that individuals are 

heterogeneous and that resistance is grounded in different influencing factors.  This 

means that there is no ‘one-size-fits-all’ intervention to reduce resistance. Promising 

future research thus needs to examine what different interventions are effective for 

each configuration. For instance, different interventions might be needed for the indi-

viduals experiencing uncertainty costs than for those experiencing transition costs. 
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Further, as shown above, we identified anticipated regret as a necessary condition 

of the resistance to using a chatbot for medication, indicating that the patients do not 

trust enough in chatbots to not being afraid of regretting using a chatbot for medica-

tion in the future. This echoes prior research showing that different levels of trust 

exist for the adoption of chatbots [60]. Whereas configurations C3 and C4 represent 

the existing knowledge presented by the SQBP [7, 8], configurations C1 and C2 add 

valuable knowledge. C2 probably wants to use a chatbot for medication but does not 

feel free in his decision to do so, because of missing opportunities and C1 is an exam-

ple of the lack of trust causing the resistance to using a chatbot for medication as ex-

plained above. The identification of sufficient configurations thereby not only con-

tributes to the research stream of chatbots in healthcare but also to resistant research, 

enlarging the limited existing research on the resistance to private IS, as prior research 

was mainly concerned with the examination of resistance to the implementation of a 

new IS in the organizational context [8, 11, 32]. 

Practical contribution. With the identification of four sufficient configurations 

leading to patients‘ resistance to using a chatbot for medication, we provide useful 

insights for healthcare facilities willing to introduce such a chatbot. First, we see that 

all of the patients acknowledge the advantages of chatbots in medication, but assess 

the assorted costs and risks higher than the benefits. Strategically, this means that 

healthcare facilities should not be stressing the advantages but need to take care of 

patients’ worries concerning the usage of a chatbot for medication. For example, the 

presence of uncertainty costs indicates, that the patients find it difficult make a well-

grounded decision about using a chatbot for medication. Furthermore, the presence of 

sunk costs indicates, that the patients are worried to lose the connection to their physi-

cian. Here, healthcare facilities need to show, that the chatbot is not necessarily re-

placing the physician but supporting him or her in her diagnosis and the patient will 

still see his physician.  

Further, we identified anticipated regret as a necessary condition, which seems 

plausible, as this indicates that the patients are worried that the chatbot might record 

or suggest the wrong things. The risk of data misuse or a false medication weighs 

heavy, as in the worst case this could threaten patients’ lives. Here, healthcare facili-

ties should stress the controlling mechanisms to increase trust, and compare results of 

the chatbots to normal consultations, as research indicates that these are not flawless 

as well [61]. 

Limitations and future research. In this paper, we use an individual perspective 

to explain why patients’ resistance to using a chatbot for medication. Future research 

may also consider group effects, in terms of whether patients’ are influencing each 

other in their perception of the chatbots for medication a resulting, in their resistance. 

Further, one could base on an explorative approach to identify further influencing 

factors on resistance to using a chatbot for medication, as well as the underlying 

mechanisms causing resistance generalizing the revealed insights to other use cases, 

as we focus only one. Also, with the sampling strategy of using MTurk for our data 

collection, we yield for a more diverse population. However, this is also just a sample 

and therefore restricted in terms of generalizability. Future research may want to re-
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veal more diverse results for specific groups with the same healthcare system and then 

aggregate them to a broader picture. 

Appendix 

The Table below shows our constructs and measures we used in the questionnaire, as 

well as the loadings. 

 

Construct and author Adapted item Loading 

Benefits  

adapted from 

 52 [52] 

I think using a chatbot for medication is convenient.  0.896 

I can improve my consultation by using a chatbot for medication. 0.922 

I can save time by using a chatbot for medication.  0.787 

Using a chatbot for medication enables me to inform the physician more 

quickly about my medical record than by talking to medical staff.  

0.877 

Using a chatbot for medication increases my productivity of the consulta-

tion. 

0.858 

Transition costs  

adapted from  

24 [24] 

Learning how to use a chatbot for medication would take much time.  0.945 

Becoming skillful at using a chatbot for medication would be hard for me. 0.914 

Uncertainty costs  

adapted from  

49 [49] 

It is hard to compare my current medication conducted by a 'real' physician 

with a medication conducted by a chatbot. 

0.786 

Even when I have all information about chatbots, comparing my current 

consultation conducted by a 'real' physician to a consultation with a chatbot 

for medication is difficult. 

0.869 

I would have to search a lot of information to decide whether to use a 

chatbot for medication. 

0.850 

Sunk costs  

adapted from  

24 [24] 

I have already invested a lot of time in the relationship with my physician 

during the consultation.  

0.963 

I have already invested a lot of time in establishing a good relationship with 

my physician (e.g. he knows all the details about me and memorizes them).  

0.965 

Anticipated regret  

adapted from  

30 [30] 

If I decide to use a chatbot for medication and it turns out to be a failure, I 

will regret incurring a potentially large loss in terms of treatment. 

0.874 

If I decide to use a chatbot for medication and it turns out that the medica-

tion complicates my medical treatment, then I will regret not to consult a 

‘real’ physician instead of the chatbot. 

0.882 

Decisional control  

adapted from  

51 [51] 

The decision whether to use a chatbot for medication gives me a chance to 

use my personal initiative or judgment. 

removed 

The decision whether to use a chatbot for medication allows me to decide 

on my own. 

0.800 

The decision whether to use a chatbot for medication provides me autono-

my in making the decision. 

0.886 

It was an easy decision to pick the best alternative. 0.829 

User resistance  I will not comply with using a chatbot for medication. 0.923 
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adapted from 

8 [8] 

I will not cooperate to use a chatbot for medication. 0.909 

I oppose using a chatbot for medication. 0.898 

I do not agree with the usage of a chatbot for medication. 0.929 
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