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DESIGNING CONVERSATIONAL DASHBOARDS FOR 

EFFECTIVE USE IN CRISIS RESPONSE 

Research in Progress  

 

Marcel Ruoff, Karlsruhe Institute of Technology (KIT), Institute of Information Systems and 

Marketing (IISM), Karlsruhe, Germany, marcel.ruoff@kit.edu 

Ulrich Gnewuch, Karlsruhe Institute of Technology (KIT), Institute of Information Systems 

and Marketing (IISM), Karlsruhe, Germany, ulrich.gnewuch@kit.edu 

Abstract 

Dashboards are increasingly used by governments and health organizations to provide important 

information to the general public during a crisis. However, in contrast to organizational settings, the 

majority of the general population has not or rarely used dashboards before and therefore often 

struggles to interact effectively with these dashboards. To address this challenge, we conduct a design 

science research (DSR) project to design a conversational dashboard that enables natural language-

based interactions to facilitate its effective use. Drawing on the theory of effective use, our DSR 

project aims to provide theory-grounded design knowledge for conversational dashboards that help 

users to access and find information via natural language. Moreover, we seek to provide novel 

insights that support researchers and practitioners in understanding and designing more natural and 

effective interactions between users and dashboards. 

 

Keywords: Conversational User Interface, Dashboard, Conversational Dashboard, Crisis Response, 

Design Science Research, Theory of Effective Use. 

 

1 Introduction 

Dashboards, visual displays of the most important information consolidated on a single screen (Few, 

2006), are well established in organizations and provide relevant information to decision makers at a 

glance (Behrisch et al., 2018; Pauwels et al., 2009; Preece et al., 2015; Yigitbasioglu & Velcu, 2012). 

Increasingly, dashboards are also used by governments and health organizations to provide the general 

public with a comprehensive overview of relevant information during crises (Chan et al., 2004; Filonik 

et al., 2013; Horita et al., 2015). Among recent examples are dashboards for crisis response during or 

after earthquakes, wildfires, and pandemics such as the swine flu (Liu & Palen, 2010; Zook et al., 

2010). This trend accelerated during the COVID-19 pandemic (Meijer & Webster, 2020) with more 

than 4.5 billion requests a day to the most popular COVID-19 dashboard provided by Johns Hopkins 

University (JHU) in cooperation with Esri (Milner, 2020). These dashboards visualize information 

about the spread of the virus around the entire globe (Dong et al., 2020) and therefore present an 

important and valuable source of information for many people. For example, based on information 

from these dashboards, users decide “whether they should go on holiday to a certain area, visit a friend 

or get their hair cut” (Flowers, 2020). Despite the popularity of dashboards in crisis response, several 

major challenges remain. Among them is that the majority of the general population has not or rarely 

used dashboards and, therefore, exhibits lower levels of data literacy (as opposed to users in 

organizational settings) (Matheus et al., 2020). Therefore, people who are new to dashboards often 

struggle to use them effectively in order to make informed decisions (Cay et al., 2020).  
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Research suggests that transparent interaction – the extent to which a user is accessing an information 

system (IS) unimpeded by its surface and physical structures (e.g., user interface) – is an important 

prerequisite for achieving effective use (Burton-Jones & Grange, 2013). If users are unable to interact 

with a dashboard in a transparent manner, it is unlikely that they can extract the information they need 

and act upon them. A main difficulty of users interacting with dashboards is expressing their goals and 

questions using the system functionalities (Kwon et al., 2011). For example, users with a lack of data 

literacy often consider even seemingly ‘simple’ interactive features, such as filtering for certain 

entities (e.g., positive cases in a specific area) as too complex (Sarikaya et al., 2019). A promising 

approach to address this problem is to enhance the current capabilities of dashboards with a more 

natural interaction through integrating a conversational user interface (CUI) (Quamar et al., 2020; 

Saktheeswaran et al., 2020; Zschech et al., 2020). CUIs enable users to interact with an IS using 

natural language, just like engaging in a conversation with another human being (McTear et al., 2016), 

and therefore may promise a more convenient and intuitive way of interacting with a dashboard than 

the traditional combination of mouse and keyboard (Murray & Häubl, 2011).  

While some studies have investigated the design of conversational dashboards, they predominantly 

focus on technical challenges such as the recognition of the user’s intent or managing ambiguity in 

natural language (Gao et al., 2015; Quamar et al., 2020; Srinivasan & Stasko, 2018). However, 

research suggests that effectively using a conversational dashboard and discovering how to interact 

properly with it remains a challenge that goes beyond improving its technical capabilities (Srinivasan 

et al., 2019). Therefore, merely equipping dashboards with CUIs might not be enough. As existing 

studies on conversational dashboards mainly adopt a technology-centric perspective (Turk, 2014) with 

limited attention paid to users and their requirements, we identify a lack of design knowledge on how 

to enable users to effectively use conversational dashboards. Therefore, we address the following 

research question: 

How to design conversational dashboards that can be effectively used in crisis response? 

To address this research question, we conduct a design science research (DSR) project (Kuechler & 

Vaishnavi, 2008). Drawing on the theory of effective use (Burton-Jones & Grange, 2013) as well as 

existing prescriptive knowledge for CUIs and dashboards, we designed and implemented a 

conversational COVID-19 dashboard that allows users to interact with it using natural language and 

mouse. For the evaluation of our artifact, we plan to conduct an online experiment in which users are 

asked to make decisions based on the dashboard in the context of vacation planning during a crisis. 

This online experiment is planned to be executed on Amazon Mechanical Turk. We expect to 

contribute to the body of design knowledge on conversational dashboards with a specific focus on 

effective use by average users. Practically, our research can inform governments and health 

organizations on how to design dashboards that can be effectively used by the general population. 

2 Related Work and Theoretical Foundation 

2.1 Dashboards  

Dashboards are crucial for the orientation in complex data and the interpretation of this data as they 

provide a graphical visualization of the relevant data to the user (Igital et al., 2004). They are 

“expected to improve decision making by amplifying cognition and capitalizing on human perceptual 

capabilities” (Yigitbasioglu & Velcu, 2012, p. 41). In literature, dashboards have been mainly 

addressed as a management tool and, therefore, have been especially researched in the context of 

organizations (Yigitbasioglu & Velcu, 2012). However, even though this provides a variety of insights 

and design principles on how to design and develop dashboards with a data integration layer and 

access to data warehouses to facilitate data quality as well as system adoption (Igital et al., 2004; 

Sangupamba Mwilu et al., 2016) research on dashboards for societal issues and their requirements is 

scarce (Recker, 2021).  
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Casual users are interacting differently with dashboards and have different requirements as they do not 

interact with these systems on a regular basis. They especially have difficulties interacting properly 

with the dashboard due to missing experience and knowledge of the system and its data (Grammel et 

al., 2010; Kwon et al., 2011). In this paper, we will be mainly focusing a users’ “failure to execute 

appropriate interactions” (Kwon et al., 2011, p. 7) as the unimpeded access to the dashboard is 

necessary for its effective use (Burton-Jones & Grange, 2013). 

2.2 Conversational User Interfaces 

Conversational user interfaces (CUI) enable users to interact with information systems such as 

dashboards and expert systems by using written or spoken natural language (McTear, 2002). The 

origins of CUIs can be traced back to the 1950s. However, the problems of accuracy and intent 

recognition of the user delayed its application. In the last decades, CUIs have experienced a large 

boost due to the advances in their foundational technology and due to more sophisticated algorithms 

supported by big data (McTear et al., 2016). 

In its early foundations, CUIs were mainly used to enable a turn by turn conversation between system 

and user with the use of a simple vocabulary (McTear, 2002). These concepts have been enhanced to 

automate processes and to scale the interaction between companies and their customers (Diederich et 

al., 2019; Gnewuch et al., 2018; McTear et al., 2016). Furthermore, to better understand the 

possibilities beyond these applications, researchers have studied potential use cases apart from 

customer service (McTear et al., 2016). 

A promising application of CUIs is their ability to “aid, assist and advise people in personal and 

organizational decision situations” (Power et al., 2019, p. 1). Therefore, CUIs are increasingly 

implemented in AI-enabled systems in general and dashboards in specific to assist the user in the 

interaction with these systems (Morana et al., 2020; Ruoff et al., 2020) and to enhance current systems 

for better decision making (Quamar et al., 2020; Rzepka & Berger, 2018). However, existing research 

has often focused on the technical challenges (Gao et al., 2015; Quamar et al., 2020), resulting in a 

lack of design knowledge for conversational dashboards. 

2.3 Theory of Effective Use 

Effective use is critical for achieving the benefits of an IS (Straub & del Giudice, 2012). According to 

Burton-Jones and Grange (2013), it can be defined as “using a system in a way that helps attain the 

goals for using the system” (p. 4). Based on their conceptualization, effective use is an aggregate 

construct formed by the following three dimensions: (1) transparent interaction, (2) representational 

fidelity, and (3) informed action (Burton-Jones and Grange 2013). As illustrated in Figure 1, the three 

dimensions of effective use form a hierarchy because “each lower-level dimension is necessary but not 

sufficient for the higher-level dimension” (Burton-Jones & Grange, 2013, p. 642). Initially, the 

unimpeded access to the system’s representations (transparent interaction) enables one to obtain 

representations that faithfully reflect the domain (representational fidelity). The representational 

fidelity in turn improves the ability to take informed actions. Therefore, a user’s overall level of 

effective use is determined by her/his aggregated levels of the three dimensions (Burton-Jones & 

Grange, 2013). For example, users of a dashboard during crises need to access accurate information of 

the current situation (transparent interaction), such as which region has currently an increase in 

positive cases during a pandemic (representational fidelity), to be able to decide whether to carry out 

certain activities (informed action). 
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Representational fidelity

Informed Action

Transparent Interaction

Improves ability to take…

Improves ability to obtain…

Effectiveness

EfficiencyEffective 

Use

 

Figure 1. Theory of Effective Use (adapted from Burton-Jones & Grange (2013)) 

In order to positively influence effective use during the interaction between users and systems, Burton-

Jones and Grange (2013) identified two major drivers: (1) adaptation actions and (2) learning actions. 

In our paper, we will not only draw on the concept of adaptation actions, which are defined as any 

action a user takes to improve (1) a system’s representation of the domain of interest; or (2) his or her 

access to them, through a system’s surface or physical structure. We will also use the concept of 

learning actions, which are defined as any action a user takes to learn the system as well as the domain 

the system represents. Therefore, researchers in the context of dashboards for societal issues need to 

expand their focus from organizational aspects and data quality (Surbakti et al., 2020) to include also 

how to enable users to make adaptations to dashboards as well as possible learning actions. 

3 Design Science Research Project 

To design a conversational dashboard that can be effectively used in crisis response, we follow the 

DSR approach as described by Kuechler and Vaishnavi (2008). We argue that this research approach 

is particularly suited to address our research question because it allows us to integrate existing design 

knowledge in the context of CUI  and dashboards (Igital et al., 2004; McTear et al., 2016) with 

theoretical insights from the theory of effective use (Burton-Jones & Grange, 2013). These 

foundations provide a rigorous grounding and allow us to contribute to the existing knowledge base.  

In our first design cycle, we focus on the transparent interaction of users with conversational 

dashboards in crisis response and the impact of the design on their effective use by following the 

subsequent procedure: 

Awareness of Problem: To better understand potential issues in the design of dashboards in crisis 

response, we started our research by conducting a literature review. We especially focused on learning 

actions and adaptation actions by users who are not familiar with dashboards. This literature review, 

therefore, provided us with the opportunity to extract issues associated with this kind of dashboards 

and approaches on how to tackle these issues by combining insights from various disciplines, such as 

emergency management information systems, dashboards, and information visualization.  

Additionally, we conducted elicitation interviews following the approach by Hogan, Hinrichs, & 

Hornecker (2016) in order to further inform the results of our literature review with comprehensive 

information about people’s lived experience while interacting with dashboards in crisis response. This 

methodology is non-inductive and, therefore, the bias induced by the researcher performing the 

elicitation interview is minimized. Enabling us to receive an unbiased view on current dashboards in 

crisis response and their advantages and problems. Overall, three female and three male participants 

took part in the elicitation interviews, with an average age of 53.2 years (SD = 23.2). We aimed to 

include multiple backgrounds into our elicitation interview since information during a crisis is relevant 

to all ages and cultural backgrounds. Therefore, our participants had varying backgrounds, such as 

retirees, students, artists, and employees.  
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Suggestion: To address the issues identified in the problem awareness phase, we proposed two design 

principles for conversational dashboards. These design principles were derived based on our literature 

review, the results of our elicitation interviews, and the theory of effective use as our kernel theory. 

Development: To demonstrate how these design principles can be implemented, we instantiated these 

design principles in a software artifact using state-of-the-art technologies for natural language 

interaction.  

Evaluation: In the evaluation phase, we opted for an online experiment as this enables us to evaluate 

the impact of our design principles on the effective use of the conversational dashboard. Similar to 

field experiments, this type of study comes with the downside of decreased internal validity. However, 

we argue that this type of  study is most appropriate in our case because to evaluate the artifact and to 

answer the research question a wide set of demographic characteristics and a realistic context is 

required (Birnbaum, 2004; Karahanna et al., 2018). The evaluation model and the procedure for our 

evaluation will be described in more detail in the subsequent section, as it is derived based on our 

design principles and the guiding theory of effective use. 

4 Designing a Conversational COVID-19 Dashboard 

4.1 Awareness of the Problem 

In the last decade, the increasing availability of publicly available data has accelerated the usage of 

dashboards for crisis response (Watson et al., 2017). Currently, researchers striving to improve the 

benefit of these dashboards for users mainly aim to provide representations that faithfully reflect the 

domain, also known as representational fidelity (Burton-Jones & Grange, 2013). For example, Wissel 

et al. (2020) designed a COVID-19 dashboard while focusing on the aggregation of the data to provide 

a faithful representation of the current magnitude adjusted for the population (representation fidelity). 

Therefore, data quality and data management are key research avenues for dashboards in crisis 

response (Haworth & Bruce, 2015; Mansourian et al., 2006; Zook et al., 2010) as well as the 

technological infrastructure of these information systems (Karnatak et al., 2012).  

However, even though representational fidelity is a core dimension of effective use (Burton-Jones & 

Grange, 2013), users cannot leverage their representational fidelity to take informed actions if they are 

not able to interact transparently with the dashboards to access the information they need. This is 

further informed by our interviews. For example, one participant stated that she first needed to “search 

the dashboard extensively before even knowing how to get the needed information”. Furthermore, the 

appropriate usage of the functionality is challenging for users of dashboards in crisis response as well 

(Watson et al., 2017). Several participants struggled to interact effectively with the dashboard (e.g., 

filtering for relevant criteria or understanding the impact of their actions on the dashboard and its data) 

and one older participant wondered “why he could not just ask the dashboard and talk to it”. 

Furthermore, even though the dashboard provided all the information needed, some participants were 

not able to complete all tasks due to their problems with the dashboard’s functionality. For example, 

multiple participants were not able to determine the county with the highest number of positive cases 

per 100,000 inhabitants since the function they associated with filtering had a different functionality.  

4.2 Suggestion 

Guided by this initial problem awareness, we additionally reviewed existing dashboard literature in IS 

and related fields in order to derive two meta-requirements (MR) for conversational dashboards based 

on the theory of effective use (Burton-Jones & Grange, 2013): First, a conversational dashboard needs 

to enable users to adapt its surface structure according to their preferred way of interacting with it (i.e., 

beyond the current mouse and keyboard interaction) (MR1). Second, a conversational dashboard needs 

to support users in learning how to interact with it effectively (MR2). To address these meta-

requirements, we propose two design principles based on the theory of effective use (Burton-Jones & 

Grange, 2013) as our kernel theory and existing prescriptive knowledge for dashboards and CUIs as 



Ruoff & Gnewuch / Designing Conversational Dashboards 

 

Twenty-Ninth European Conference on Information Systems (ECIS 2021), A Virtual AIS Conference. 6 

additional justificatory knowledge to provide a direction for the design solution of our artifact 

(Kuechler & Vaishnavi, 2008). We formulated our design principles following established guidelines 

(Gregor et al., 2020). 

The issues identified in our problem awareness phase and, therefore, our meta-requirements are 

closely related to the unimpeded access to the dashboards in crisis response (transparent interaction). 

As established in Section 2.3, there are two major drivers of transparent interaction: (1) adaptation 

actions and (2) learning actions. First, transparent interaction can be improved by enabling users to 

take actions to improve their access to the dashboard’s representations. Lee et al. (2012) proposed 

extending current ways of interacting with dashboards, such as mouse, through more intuitive ways of 

interacting. Especially, since a key critique of current dashboard interaction is that they drown users in 

functionality (Lee et al., 2012), which is confirmed by our problem awareness.  Because of its 

complementary nature to mouse interaction, researchers increasingly enable natural interaction 

through CUIs (McTear, 2017; Srinivasan et al., 2020; Zschech et al., 2020). This allows users to select 

the way of interaction they prefer for a certain task. For example, users could perform spatial 

interactions on dashboards (e.g., selecting) through mouse and more complex interactions (e.g., 

filtering) could be performed using the CUI. Therefore, we articulated the first design principle: 

DP1: To improve users’ unimpeded access to dashboards in crisis response, facilitate natural 

interaction through a conversational user interface extending current ways to interact with 

dashboards (i.e., mouse). 

Second, transparent interaction can be improved by enabling users to learn the system’s surface 

structure, such as the functionality and the different ways of interacting with dashboards. Learning to 

use the different ways of interacting with dashboards is crucial for both existing ways of interaction, 

such as mouse (Lee et al., 2012), and for new ways of interaction, such as CUI (Srinivasan et al., 

2019). However, it is especially important for CUI since the invisible nature of CUI leads to 

challenges for users in discovering possible commands or supported functionality (Furqan et al., 

2017). Furthermore, in contrast to mouse interaction, where a single interaction is associated with a 

single integral functionality of the dashboard, a command in a CUI can results in multiple adaptations 

to the dashboard. Therefore, learning how to effectively interact with CUI is crucial (Corbett & 

Weber, 2016; Furqan et al., 2017; Zhong et al., 2014). Interactive instructions could emphasize the 

link between natural language commands as well as mouse interactions and the functionality of the 

dashboards. With this, users can learn in an initial instruction the possible functionality linked with 

exemplary natural language commands and mouse interaction. Therefore, we articulated the second 

design principle: 

DP2: To improve users’ unimpeded access to dashboards in crisis response, provide interactive 

instructions that support users in learning to use the different ways to interact with dashboards (i.e., 

mouse and CUI). 

4.3 Development 

We instantiated our design principles in a conversational COVID-19 dashboard that allows users to 

interact with it using mouse as well as text and speech. Our software artifact was developed using 

state-of-the-art technology for dashboards and CUIs and integrates existing COVID-19 data sources. 

We implemented the dashboard using Microsoft Power BI, a platform for self-service and business 

intelligence and integrated the COVID-19 Data Repository by the JHU (Dong et al., 2020). In order to 

integrate a CUI and to provide conversational capabilities to our dashboard, we used Microsoft’s 

Cognitive Services. Dashboard users are able to formulate their questions in natural language and the 

dashboard automatically adapts its visualizations to answer them. Additionally, the dashboard 

provides feedback to its users to inform them about incomplete or incorrect natural language requests 

(DP1). For example, users can ask “Filter for counties in California with more than 50 confirmed cases 

per population” and receive the respective information. Moreover, we implemented interactive 

instructions in the form of a guided tour that introduces users to the essential functionalities and how 
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to use them effectively using the different interaction modalities (DP2). The screenshot in Figure 2 

shows our artifact and illustrates how the design principles were instantiated. 

 

Figure 2. The Design Principles implemented in the Conversational Dashboard 

4.4 Evaluation 

To evaluate our design principles for conversational dashboards in crisis response, we plan to conduct 

an online experiment, in which participants interact with our artifact providing data regarding the 

current COVID-19 pandemic on a global level. In the experiment, the participants are provided with a 

hypothetical scenario of using the dashboard to decide different aspects of selecting a vacation 

destination. For example, participants are asked: “What are the 3 counties in California with the 

highest number of confirmed cases in September?”. We employ a 3 (Design Principle 1: mouse vs. 

CUI vs. mouse and CUI) x 2 (Design Principle 2: absent vs. present) full factorial design with 

between-subject treatments to evaluate the impact of the design configurations. The evaluation model 

is depicted in Figure 3. Participants will be recruited via Amazon Mechanical Turk, an online 

crowdsourcing platform for business services and individuals, to reach a broad and diverse sample of 

potential users (Schneider et al., 2019). Furthermore, to provide the participants an incentive to 

interact efficiently and effectively, we will provide a fixed payment, which will encourage the 

participants to work faster in order to receive a higher hourly payment (efficiency), as well as bonus 

payments for correctly answered tasks (effectiveness).  

Interaction modality (DP1)

mouse vs. CUI vs. mouse & CUI

Interactive Instructions (DP2)

absent vs present

Effectiveness

Modality Self-Efficacy

Efficiency
 

Figure 3. Evaluation Model 

The experiment consists of the following five stages (Figure 4): (1) Introduction, (2) Onboarding, (3) 

Pre-Questionnaire, (4) Task, and (5) Post-Questionnaire. In the first stage, the participants are given a 
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short introduction into the hypothetic scenario as well as the payment structure of the experiment and 

are asked to provide their informed consent. In the second stage, the participants are randomly 

assigned to one of the six experimental conditions. In conditions with interactive instructions 

(present), participants will use the artifact that includes the second design principle and will receive an 

interactive instruction. In conditions without interactive instructions (absent), participants will use the 

artifact without the implementation of the second design principle. In the third stage, participants will 

fill out a pre-questionnaire before starting the experiment task. The pre-questionnaire includes 

questions on demographics, experience with dashboards as well as questions regarding the self-

efficacy of the participant with mouse and CUI (modality self-efficacy), which are adopted from 

Cassidy & Eachus (2002). After completing the questionnaire, the participants will use the artifact to 

perform three tasks that are relevant for planning a vacation during a pandemic. According to their 

experimental condition, participants will be able to interact with the dashboard to answer these 

questions either with mouse (disabled CUI input), with a CUI (disabled mouse input), or using both 

input modalities. After finishing the experiment task, in the last stage, the participant will be asked to 

fill out a post-questionnaire including self-evaluation questions, such as recently developed effective 

use scales (Eden et al., 2020), and have the opportunity to provide qualitative feedback.  

Introduction + 

Consent

Interactive Instructions for 

participants in the present 

condition

Pre-

Questionnaire
Experimental Tasks

Post-

Questionnaire

Stage 1 Stage 2 Stage 3 Stage 5Stage 4

End

 

Figure 4. Experimental Procedure 

To measure the dependent variables, we will use the percentage of the correctly answered questions 

for effectiveness and the time needed to measure efficiency. 

5 Conclusion and Next Steps 

We aim to contribute to research on the design of dashboards as one important class of information 

systems for crisis response. Our DSR project provides theory-grounded design knowledge for 

conversational dashboards that can facilitate their effective use among the general population. 

Moreover, we provide novel insights on how and when users employ different interaction modalities 

(natural language vs. mouse) to make decisions based on complex data. Furthermore, we show how 

users can be supported during the onboarding process through interactive instructions before using a 

dashboard. More broadly, we expect our results to empower users to make better decisions based on 

facts during global pandemics. Practically, our research can inform governments and health 

organizations on how to design dashboards that can be effectively used by the general population. 
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