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Abstract 
Treating chronic diseases often involves repeated assessments from the patient’s 
perspective to guide therapy decisions and promote quality of care. Therefore, patient-
reported outcome measures (PROMs) have been established in the form of 
questionnaires. One promising approach for collecting PROMs are embodied 
conversational agents (ECAs), which have the potential to make the questionnaire 
completion more engaging, interactive and lower the response burden for the patient. 
Building on Satisficing Theory, this research-in-progress paper reports on the design and 
preliminary evaluation of an ECA for multiple sclerosis patients. The results indicate that 
such a system meets the needs of the patients and motivates a comparative study to 
contribute further evidence on the use and advantage of ECAs for this purpose. Based on 
a literature review, an evaluation approach including a research model is derived, and 
implications for future research are discussed.  

Keywords:  Conversational agents, Patient-reported outcomes, Multiple sclerosis 
 

Introduction 
In recent years, data reported by the patients themselves has become a fundamental pillar in the medical 
data collection (Hjollund 2019). To measure the patient’s subjectively perceived health status, so-called 
patient-reported outcome measures, short PROMs, have been established. These are standardized and 
reliable questionnaires (Dawson et al. 2010). While paper-based questionnaires have been the traditional 
format for collecting PROMs, a change to web-based forms can be observed over the last decades. Despite 
several improvements (e.g., costs and data quality), common web-based forms still lack interactivity, do not 
provide audiovisual features to facilitate comprehension, and cannot clarify comprehension problems 
(Eriksen et al. 2022; te Pas et al. 2020). Modes of elicitation that might mitigate these problems are face-
to-face or telephone interviews. However, these methods contradict the goal of decreased labor and costs, 
which were arguably one reason for switching to web-based forms. Despite the change to self-administered 
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digital solutions, reducing the patient’s burden remains a significant challenge to achieve high response 
quality as well as response rates and is especially important for patients with cognitive impairments, low 
literacy, and a lack of computer skills (Bickmore et al. 2020; Zaratin et al. 2022).  
One promising approach to address these challenges is the use of conversational agents. In general, the 
term “conversational agent” (CA) can be considered an umbrella term for intelligent software systems that 
attempt to emulate interpersonal communication (Seeger et al. 2021). By making the questionnaire 
completion more natural, personalized, engaging, and interactive, CAs may lower the burden on the patient 
and increase data quality and response rates (te Pas et al. 2020). Despite the popularity of speech-based 
CAs such as “Siri” or “Alexa” and a vastly growing body of research, literature on using them as dedicated 
survey tools is scarce (Celino and Re Calegari 2020). Concerning healthcare, CAs have been frequently 
studied in the role of digital therapeutics for supporting patients in their daily life or accelerating the 
diagnosis of diseases by supporting clinicians as end-users (Milne-Ives et al. 2020). Considering these 
advances, it seems surprising that research has only recently begun investigating patient-facing CAs 
designed for collecting PROMs in the context of chronic diseases (te Pas et al. 2020). While speech-based 
CAs and chatbots (i.e., text-based CAs) are considered disembodied, so-called embodied conversational 
agents (ECAs) are equipped with an animated and often humanoid visual representation (also called avatar) 
(Araujo 2018; Seeger et al. 2021). In general, the higher media richness of ECAs allows for more verbal and 
non-verbal social cues to be conveyed, making them potentially more effective in establishing a trustworthy 
relationship with the user (Qiu and Benbasat 2009; Schuetzler et al. 2018). However, there is still a lack of 
evidence if ECAs should be generally preferred when focusing on the disclosure and collection of sensitive 
data (Lind et al. 2013; Lucas et al. 2017). Therefore, we aim to investigate an ECA for collecting PROMs in 
the domain of multiple sclerosis, a chronic and neurodegenerative disease (Reich et al. 2018). Due to the 
variety of symptoms and impairments, multiple sclerosis is also referred to as “the disease of 1000 faces” 
which makes this context a well-suited ground for studying user interfaces designed for patients with 
different needs (Voigt et al. 2020). Common disease-related impairments such as fatigue, vision 
disturbances, or a decrease in cognitive processing speed highlight the demand for an accessible software 
design to lower the response burden for the patient and achieve sustained user engagement. This is of 
paramount importance as chronic diseases require PROMs to be collected more or less continuously 
throughout the lifespan of the patient. The need for novel approaches is further emphasized by the global 
PROM for multiple sclerosis initiative that sets digital innovations at the center of their strategic agenda 
(Zaratin et al. 2022). In particular, the following research question should be investigated:  

RQ: How effective is an ECA for collecting PROMs compared to survey methods with lower social 
presence? 
To address this question, the present research-in-progress paper aims to describe the state of the art 
regarding ECAs as survey tools in healthcare, report on the design process of an ECA for multiple sclerosis 
patients, and propose an evaluation approach, including a research model for future studies. The remainder 
of this paper is structured as follows: In the next section, we describe the theoretical background of our 
study and related work. Subsequently, we present the design and preliminary evaluation results of the ECA. 
Afterward, we derive our hypotheses, propose our research design and conclude with an outlook on future 
research.   

Theoretical Background and Related Work 

Embodied Conversational Agents as Survey Tools 

Recently, several studies were published that could demonstrate the effectiveness of chatbots as “virtual 
interviewers” compared to traditional survey methods (e.g., Celino and Re Calegari 2020; Kim et al. 2019; 
te Pas et al. 2020). Their use resulted in higher usability or user experience scores and thus may positively 
affect response quality and response rates. While these studies investigated chatbots (i.e., disembodied 
CAs), it seems particularly interesting what the state of the art in healthcare is regarding using ECAs. 
Therefore, we conducted a systematic literature review using Scopus and PubMed databases. The following 
search string was used in the fields title, abstract and keywords: ("conversational agent*" OR 
"conversational interface*" OR "chatbot*" OR "virtual agent*" OR "virtual interviewer*" OR "virtual 
human interviewer*" OR "virtual assistant*") AND ("questionnaire*" OR "survey*" OR "form*" OR 
"examination*" OR "assessment*" OR "interview*" OR "screening*") AND ("compar*" OR "versus" OR 
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"vs." OR "equivalence"). The search was initially conducted in March 2022 and updated in August with no 
limitations regarding the time range. We included only peer-reviewed journal articles and conference 
papers written in English. Studies that did not investigate patient-facing ECAs, did not compare ECAs to a 
less media-rich self-administered survey method, and were not conducted in a health-related context were 
excluded. The context was considered health-related if either the questions asked by the ECA were similar 
to those asked in clinical interviews (e.g., sensitive questions such as symptoms or substance abuse) and/or 
the study was conducted in a therapy setting. All in all, n = 658 results were obtained (457 after duplicate 
removal) and initially screened for relevance based on the title, abstract, and exclusion criteria mentioned 
above. After the full-text screening, n = 6 articles were considered eligible, searched for forward- and 
backward citations (no additional papers found), and finally included in the review (see Table 1).   

Reference Study design Key results 
Pickard and 
Roster (2020) 

Face-to-face vs. ACASI vs. ECA Sensitive information disclosure was higher in 
the faceless ACASI condition 

Bickmore et al. 
(2020) 

ECA vs. Face-to-face (Study 1),   
ECA vs. Web-based form (Study 2) 

Disclosure was higher to the ECA (Study 1) and 
participants were more satisfied (Study 2) 

Lucas et al. 
(2017) 

Web-based form vs. anonymized 
Web-based form vs. ECA 

Respondents disclosed more symptoms to an 
ECA compared to the other conditions 

Schuetzler et 
al. (2018) 

Face-to-face vs. Web-based form vs. 
2 (ECA vs. Chatbot) x 2 (low vs. 
high conversational relevance) 

ECAs might be not better for collecting 
sensitive information compared to 
disembodied CAs 

Micoulaud-
Franchi et al. 
(2016) 

Web-based form vs. ECA Satisfaction and usability of the ECA was 
higher compared to a web-based form on a 
tablet 

Lind et al. 
(2013) 

Face-to-face vs. ACASI vs. ECA with 
more & less facial movement 

Participants in audio-only mode (ACASI) had 
the highest disclosure 

Table 1. Overview of studies that investigated Embodied Conversational Agents (ECAs) as 
survey tools in a health-related context  

 
Four of the included papers were published in the last five years, indicating the increasing interest in ECAs 
and their use for survey purposes in health-related contexts. Most papers studied the effectiveness of ECAs 
compared to traditional web-based forms. However, some papers also compared ECAs to face-to-face 
interviews or audio computer-assisted self-interviewing systems (ACASI). Primary outcomes of interest 
were usability or user experience metrics (e.g., ease of use, satisfaction) and self-disclosure of information 
operationalized as social desirability bias or the number of symptoms reported. It should be noted that only 
the studies by Bickmore et al. 2020, Lucas et al. 2017, and Micoulaud-Franchi et al. 2016) investigated an 
ECA in a therapy setting. In contrast, the other studies were conducted with healthy participants. Regarding 
the observation period, all studies were cross-sectional (i.e., conducted at a single point in time). Overall, 
the study results are mixed, with some demonstrating benefits of ECAs while others do not, and are only 
partially in line with those of prior studies investigating chatbots as survey tools. Concerning honest self-
disclosure in surveys, the studies by Pickard and Roster (2020), Schuetzler et al. (2018), and Lind et al. 
(2013) suggest a negative impact of ECAs. They found that ECAs might not be preferred for collecting 
sensitive data (e.g., data on sexual activity or drinking behavior) and concluded that systems with less social 
presence might be more suitable for this task. In general, social presence can be considered as “the sense of 
human contact embodied in a medium” and is, therefore, higher when using ECAs compared to chatbots or 
traditional web-forms (Gefen and Straub 1997). In contrast to these findings, the studies by Lucas et al. 
(2017) and Bickmore et al. (2020) revealed that disclosure was higher when using a virtual human 
interviewer (ECA). Consequently, no consensus could be found in the literature on whether and under what 
conditions systems with high social presence (i.e., ECAs) are suitable when sensitive questions are asked. 
Furthermore, none of the studies investigated CAs as survey tools in the context of neurodegenerative 
diseases and evaluated the influence of the patient’s impairments on the interaction outcomes. This is 
particularly important as there might be interaction effects with the presence of disabilities of the 
respondent (e.g., slowdown of cognitive processing) that could affect the choice of interface (Roberts et al. 
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2019). Finally, current research lacks long-term studies that investigate the advantageousness of ECAs as 
survey tools in a chronic disease care scenario.  

Survey Satisficing Theory 
To explain the relationships between psychological and behavioral aspects when completing surveys, the 
theoretical framework of our study is informed by Krosnick's Satisficing Theory (1991). Therefore, instead 
of exploring response quality against the background of socially desirable responses as done in prior studies 
on ECAs as survey tools (e.g., Pickard and Roster 2020; Schuetzler et al. 2018), we focus on the so-called 
satisficing behavior as a cause of compromised data quality. Satisficing, in general, is a decision-making 
strategy to choose a sufficient and satisfying solution but not the optimal one. The term was introduced by 
Simon (1956) and unified the words “satisfy” and “suffice”. Transferred to the context of survey 
methodology, satisficing explains the behavior of individuals to reduce cognitive efforts by providing sub-
optimal answers. Krosnick (1991) considers satisficing as a continuum ranging from weaker forms such as 
simply selecting the first reasonable answer option to more potent forms such as non-differentiating (i.e., 
always giving the same answer), providing “not applicable” as an answer although it’s not the truth or 
randomly choosing an answer (“mental coin flipping”). Beyond the strongest form of satisficing, 
nonresponding arguably lowers the respondent’s cognitive burden to a minimum. The results of those 
strategies to lower the cognitive efforts are missing values, biased data, and thus low response quality 
(Roberts et al. 2019). According to Krosnick’s theory, three factors promote satisficing behavior: task 
difficulty, the respondent’s motivation, and the respondent’s abilities. The latter comprises the cognitive 
skills, experience with the survey questions or topics, and existing attitudes (Krosnick 1991). Given that 
cognitive impairment is prevalent among multiple sclerosis patients (Reich et al. 2018), this patient 
population may be particularly prone to satisfice when completing surveys. Consequently, satisficing theory 
suggests tailoring the design of survey instruments to the abilities of individuals by providing mechanisms 
to reduce the task difficulty and increase the respondent’s motivation for avoiding satisficing behavior 
(Schaeffer 2021).  

Design and Preliminary Evaluation of the ECA 
To design the digital health intervention, we followed a design science research methodology and first 
derived a core set of seven meta-requirements (MRs). As suggested by Bradbury et al. (2014), we included 
different views (health professionals and patients) that are both crucial for the successful implementation 
and adoption of the intervention in clinical practice. Therefore, we first conducted several group interviews 
with three health professionals involved in multiple sclerosis care (one physician and two research 
associates). In a brainstorming session, every expert was asked how the system should be designed based 
on the individual experience and knowledge of the needs of multiple sclerosis patients. Afterward, the 
individual ideas were discussed and summarized in a consensus-building process among the experts. The 
resulting core set of MRs was then clustered to requirements that address the patient’s motivation and 
requirements regarding reducing the task difficulty. Based on this core set derived from expert interviews, 
we designed a first prototype, which was then used to validate and extend the MRs in a focus group 
workshop with patients. Figure 1 depicts an overview of the elicited MRs.  
For promoting the patient’s motivation, the system should encourage questionnaire completion (e.g., 
“You’re already halfway done. That’s great!”) (MR1.1), the order of the question should be varied when a 
patient fills out a questionnaire multiple times (MR1.2), the system should provide personalized feedback 
based on the responses (MR1.3) and visualize the status of completion (MR1.4). For the provision of 
personalized feedback, we distinguish two approaches. First, based on deviations detected between 
responses at earlier points in time (if the questionnaire is filled out multiple times), specific questions could 
be asked back (e.g., “Four weeks ago, you stated no mood disabilities. What happened?”). Second, after 
completing the questionnaire, the patient could receive feedback on what the responses mean regarding the 
course of the disease. Furthermore, the system should provide information on the goals of the PROM 
assessment and highlight the benefits for the patient’s treatment to enable more competent decisions 
(MR1.5). To reduce the task difficulty, buttons should be colored (MR2.1), and questions enriched by images 
(MR2.2). Based on this initial set of MRs, we derived three design principles (DP1-3) based on the 
recommended structure by Gregor et al. (2020) and instantiated them in a prototype. The entire 
questionnaire application was implemented using the gaming engine “Unity” and extends a web portal for 
multiple sclerosis patients described by Voigt et al. (2020). For the avatar, we selected a young female 
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character that was preferred by the users in a prior study of our research group where different avatar 
designs were investigated in an obesity context (Weimann et al. 2022).  

 

Figure 1. Core set of Meta-requirements (MRs) and Design principles (DPs) 

 
Concerning the avatar's voice, we used the Microsoft Azure Text-to-Speech service (i.e., speech synthesis). 
The prototype was then evaluated in a focus group workshop with n = 6 patients (n = 2 females) in different 
stages of the disease and with different disabilities caused by the disease. At the beginning of the workshop, 
the general idea of a novel approach for collecting PROMs was introduced to the patients. In the next step, 
each patient interacted with the application deployed on a 10-inch tablet and filled out a subset of an 
adapted German version of “Guy’s Neurological Disability Scale” (GNDS) (Sharrack and Hughes 1999). The 
used scale contains 78 questions and assesses 13 disabilities associated with multiple sclerosis (e.g., 
cognitive, visual, upper, and lower limb disabilities). Most of the GNDS questions are being answered by 
“yes” or “no”, with additional questions being asked to each disability depending on the patient’s answer 
(branching logic). For example, if the patient states to have no walking problems, no further questions are 
being asked related to lower limb disabilities. Before starting the questionnaire, the avatar introduced 
herself, “Hey, I’m Lea. May I ask you some questions?” and briefly explained the benefit for the patient in 
terms of more targeted medical consultation and treatment. After questionnaire completion, the patient 
obtained personalized feedback from the avatar on the calculated scores of the GNDS dimension. Both 
features were implemented to increase the transparency of the system’s data collection and evaluation (see 
DP2). For evaluating the impressions of the system, we used the user experience questionnaire (UEQ) 
(Laugwitz et al. 2008) that was filled out afterward by the patient (paper-based). Additionally, we asked for 
qualitative feedback on the personal impression, areas of improvement, and if the patient could imagine 
using the system in the long term. After the participants had interacted with the system and completed the 
evaluation questionnaire, a 15-minute group discussion was held. Based on the results of the focus-group 
workshop, the MRs and DPs were refined, extended, and implemented (MR2.3-2.5). Figure 2 depicts how 
the derived DPs were instantiated in the prototype.  

Generally, the patients liked the ECA-guided questionnaire completion, and all stated that they could 
imagine using such a system in the long term. The average UEQ ratings exceeded the mark of +0.8 in all six 
dimensions (from -3 to +3) indicating a positive evaluation (attractiveness: +1.8, perspicuity: +2.4, 
efficiency: +1.6, dependability: +1.8, stimulation: +1.5 and novelty: +1.4). The standard deviation was below 
1 in all dimensions. Notably, the average perspicuity rating was the highest, suggesting that the system was 
easy to use and get familiar with. Although this approach for collecting PROMs was novel for this patient 
group, the average novelty rating was the lowest compared to the other dimensions. Previous experiences 
with avatars (e.g., in video games) might explain this finding. The qualitative feedback further highlights 
the positive impressions, e.g., “Great concept, promises a lot”, “The avatar has a pleasant voice but could 
speak a little bit slower” or “good audio qualities, good that questions are read aloud”. Despite the 
synthetic nature of the avatar’s voice, the voice was still evaluated positively and pleasant. Further, the 
patients liked that the questions were read aloud and found this facilitation when answering the 

MR1
Promoting 

the patient’s 
motivation 

1.1 The system should verbally and non-verbally motivate the patient during the 
questionnaire completion.

MR2
Reducing 

the patient’s
task 

difficulty

2.2 Images should enrich the questions to facilitate question comprehension. 

*MR2.3-2.5 were derived after the focus group workshop

2.4 The buttons should audibly indicate the selection of an answer (click sound). 

2.3 The system should provide opportunities to repeat and explain questions when 
comprehension problems occur. 

2.1 Buttons to select an answer should be colored to facilitate the recognition of answer 
options. Not selected answer options should be grayed out. 

DP3: For designers and researchers to design an ECA for
collecting PROMs in multiple sclerosis care, equip the
system with audio-visual mechanisms to facilitate
question comprehension and answer selection.

DP4: For designers and researchers to design an ECA for
collecting PROMs in multiple sclerosis care, employ
mechanisms to let patients personalize the system based
on their impairments to reduce the task difficulty.

2.5 The patient should be able to personalize the avatar (esp. character, speech 
velocity) and the questionnaire interface (esp. background color, font size).

DP2: For designers and researchers to design an ECA for
collecting PROMs in multiple sclerosis care, employ
personalization mechanisms that the users feel special
and enhance the system’s transparency so that users feel
competent and autonomous.

1.3 The system should provide personalized feedback to the patient based on the 
responses. 

1.2 The system should vary the order of the questions each time the questionnaire is 
filled out. 

1.4 The system should visualize the status of the questionnaire’s completion. 

1.5 The system should provide information on the survey’s goals and highlight the 
benefits for the patient’s treatment.

DP1: For designers and researchers to design an ECA for
collecting PROMs in multiple sclerosis care, employ
mechanisms that promote variability to avoid
intervention fatigue and make the survey completion
more interesting and exciting.
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questionnaire. This was further reflected in the group discussion, where the participants stated that they 
could also imagine using an audio-only system without an avatar (i.e., ACASI). The patients perceived the 
personalized feedback on the different GNDS dimensions helpful and found this system's transparency 
important. However, the group discussion also revealed that the patients wished to have dedicated 
personalization options where the character of the avatar (esp. gender and style), the speech velocity, the 
font size, and the background color could be adjusted (MR2.5). Particularly for patients facing a slowdown 
of cognitive processing and visual disturbances, the opportunity to change the speech velocity and 
background color was perceived as an important feature.  Additionally, some patients asked for buttons 
where the questions could be repeated or re-explained when comprehension problems occur (MR2.3) and 
buttons that audibly indicate (click sound) the selection (MR2.4). Half of the patients criticized the system 
forcing them to wait until the entire question was read aloud before allowing them to move on to the next 
question. Indeed, there are pros and cons to this approach. On the one hand, the system ensures that the 
patient at least had the opportunity to understand the whole question, and artificial breaks of the avatar’s 
voice are avoided. On the other hand, the duration of the questionnaire completion is relatively strictly 
defined, which could decrease the patient’s motivation. However, for further evaluation, we decided to 
continue using this approach.  

 

Figure 2. Instantiated Design Principles 

Evaluation Approach 
To evaluate the ECA's effectiveness, we aim to compare the system in the next step to other survey modes 
within a larger patient population (planned sample size, n = 162). Therefore, we will conduct a cross-
sectional experiment first and aim to contribute with a longitudinal study in a subsequent step. The cross-
sectional study will take place at the multiple sclerosis center of a university hospital as part of the regular 
patient visit (1600 multiple sclerosis patients under current control). In the longitudinal study, the patients 
will use the questionnaire application in the home environment. Overall, we will investigate three different 
survey modes with varying degrees of social presence manipulated by their media-richness: A) ECA-guided 
questionnaire (high social presence), B) audio computer-assisted self-interviewing (ACASI), and C) a web-
based form (low social presence). The ACASI condition corresponds to the system in Figure 2 without the 
avatar, whereas the third condition (WF) has neither an avatar nor audio enrichment but still colored 
buttons and images. In the cross-sectional study, patients will be randomly assigned to one of six groups, 
allowing for all possible combinations of orders. We will use the GNDS as a questionnaire implemented in 
the three different systems. At the beginning, data on the socio-demographic background, time living with 
the disease, and digital literacy are captured for subgroup analysis. Only after the first condition the 
measures described in the following paragraphs, with the exception of the subjectively preferred mode, are 
collected using a traditional web-based form (without any additional features). The second and third 
conditions will present a reduced subset of the GNDS to avoid patients becoming bored and exhausted over 
the experiment but still enable a subjective judgment of which mode was most preferred at the end. For the 
longitudinal study, we randomly assign the patients to one of the three conditions (ECA, ACASI, or WF).  

DP2: Personalized feedback after questionnaire
completion and progress bar to visualize the
status of completion

DP3: Use of images, colored answer options and 
opportunities to repeat or explain questions to 
facilitate question comprehension/answer selection

DP1: Verbal and non-verbal 
motivation by the avatar during
questionnaire completion

DP4: Personalization settings (esp. character, 
background color, speech velocity, font size)



 Are ECAs effective tools for collecting PROMs? 
  

 Forty-Third International Conference on Information Systems, Copenhagen 2022
 7 

Krosnick’s Satisficing Theory (1991) defines the primary constructs of interest in our study. In accordance 
with related studies (e.g., Celino and Re Calegari 2020; te Pas et al. 2020), user experience is considered as 
a central concept of our evaluation approach. Similarly to the preliminary evaluation, we will therefore use 
the UEQ. The scale structure of the UEQ is classified into pragmatic quality (efficiency, perspicuity, 
dependability), hedonic quality (stimulation, novelty), and a valence dimension (attractiveness) combining 
both dimensions and serves as an overall judgment (Laugwitz et al. 2008). Considering that the pragmatic 
quality refers to “do-goals” (i.e., system support to accomplish a certain task) and the hedonic quality to 
“be-goals” (support of intrinsic motivation, e.g., being special, competent, and autonomous), the UEQ 
constructs reflect the task difficulty and the respondent’s motivation (Hassenzahl 2008). In addition, we 
consider the time to complete the questionnaire as a measure of the respondent’s motivation (measured by 
the system). However, the relationship between time to motivation is ambiguous. On the one hand, the 
respondent’s motivation tends to decrease as longer the questionnaire completion takes (Krosnick 1991). 
On the other hand, a longer completion time may also indicate higher response quality when the respondent 
takes more time to think about the questions thoroughly and can be positively correlated with the 
respondent’s motivation (Gummer and Roßmann 2015). Arguably, the time to complete could serve in both 
directions as an indicator of the respondent’s motivation and should be interpreted along with further 
motivation measures. Concerning the task difficulty, we will also measure the perceived effort using the 
corresponding sub-scale of the Survey Participation Inventory (SPI) (Brüggen et al. 2011). The respondent’s 
abilities impaired by the disease will be directly measured via the GNDS. We will use the willingness to 
answer voluntary questions by disclosing therapy-relevant information to operationalize satisficing 
behavior. Therefore, we will also use the GNDS that includes a set of questions related to the sexual function 
but first asks the patient, “Do you mind if I ask you about this?” and gives “yes”, “no”, and “not applicable” 
as answer options. We consider the answers “no” and “not applicable” as a form of satisficing behavior for 
bypassing the additional questions.  
Based on prior research revealing that increasing social presence positively affects constructs related to do- 
and be-goals (e.g., Gefen and Straub 1997; Qiu and Benbasat 2009), we hypothesize that the ECA yields to 
significantly higher levels of the respondent’s motivation (H1a), lower task difficulty (H2a) and thus less 
satisficing behavior (H3a) than the ACASI condition. Likewise, the ACASI yields to significantly higher 
levels of the respondent’s motivation (H1b), lower task difficulty (H2b), and less satisficing behavior (H3b) 
than the WF condition. Further, we hypothesize that the relationship between system and motivation (H4) 
and task difficulty (H5) is moderated by the respondent’s abilities. Figure 3 summarizes the research model 
of our study. For secondary outcome analysis (exploratory), we will also measure the attractiveness (UEQ 
scale), self-reported response quality (SPI scale), response rate (only in the longitudinal study) and directly 
ask for the preferred system type. Given that social presence may induce trust and thus affect the perceived 
usefulness and self-disclosure (Qiu and Benbasat 2009; Schuetzler et al. 2018), we will measure this 
construct using the scale by Schrepp and Thomaschewski (2019). Last but not least, social presence will be 
measured based on the items by Gefen and Straub (1997) to check if the manipulations were successful.  

 

Figure 3.  Research Model 

Conclusion 

Our research might contribute further evidence on using ECAs in the medical domain and their potential 
suitability for collecting PROMs. In particular, novel approaches that can maintain sustained engagement 
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and high response quality over the long term could be another step towards the notion of digital biomarkers 
and further drive personalized medicine. Additionally, such approaches promise improved care processes 
and could thus contribute to decreased healthcare costs. The present study contributes with a validated core 
set of MRs and DPs derived from expert interviews and a patient workshop to enrich the knowledge base 
on how these systems could be designed. Given the diversity of neurological impairments faced by multiple 
sclerosis patients, the derived design knowledge and expected contributions may also be transferred to 
other disease contexts, such as Parkinson’s disease or stroke rehabilitation. The preliminary evaluation in 
a small patient group could further demonstrate the usefulness of the ECA that needs to be proven in a 
comparative setting with a larger study population. Therefore, the present paper describes a two-step 
evaluation approach consisting of a cross-sectional and a subsequent longitudinal study. Since chronic 
diseases involve repeated PROM assessments, more studies are needed to investigate ECAs for this purpose 
in the long run.   
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