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Abstract. The diagnosis of patients with rare diseases is often delayed. A Clinical 
Decision Support System using similarity analysis of patient-based data may have 
the potential to support the diagnosis of patients with rare diseases. This qualitative 
study has the objective to investigate how the result of a patient similarity analysis 
should be presented to a physician to enable diagnosis support. We conducted a 
focus group with physicians practicing in rare diseases as well as medical 
informatics researchers. To prepare the focus group, a literature search was 
performed to check the current state of research regarding visualization of similar 
patients. We then created software-mockups for the presentation of these 
visualization methods for the discussion within the focus group. Two persons took 
independently field notes for data collection of the focus group. A questionnaire was 
distributed to the participants to rate the visualization methods. The results show 
that four visualization methods are promising for the visualization of similar 
patients: “Patient on demand table”, “Criteria selection”, “Time-Series chart” and 
“Patient timeline. “Patient on demand table” shows a direct comparison of patient 
characteristics, whereas “Criteria selection” allows the selection of different patient 
criteria to get deeper insights into the data. The “Time-Series chart” shows the time 
course of clinical parameters (e.g. blood pressure) whereas a “Patient timeline” 
indicates which time events exist for a patient (e.g. several symptoms on different 
dates). In the future, we will develop a software-prototype of the Clinical Decision 
Support System to include the visualization methods and evaluate the clinical usage. 
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1. Introduction 

In the EU a disease is declared as rare if it affects less than 1 of 2000 people. The 

diagnosis of rare diseases (RDs) is often delayed [1]. Since over 7000 RDs exist, a 

physician cannot be aware of all existing RDs. In addition, experts of RDs are often 

distributed regionally and the availability of data for research is low [2]. Hence, it is 

useful to connect data of RDs and make it available for research and care. The linkage 

of datasets inside large research networks provides a great opportunity to combine 

medical knowledge of different institutions. The “Medical Informatics Funding Scheme”, 

created by the German Ministry of Education and Research (BMBF), establishes four 

consortia to set up data integration centers (DICs) at each university hospital [3]. The 

goal is to bundle data for research and care. One of these consortia is MIRACUM 

(Medical Informatics in Research and Care in University Medicine) which includes 10 

university hospitals [3]. To demonstrate the use of data sharing, MIRACUM established 

a use-case about the conception, implementation and evaluation of a Clinical Decision 

Support System (CDSS) for RDs. Hunt et al. define a CDSS as a system that supports 

clinical decision making and compares clinical features of a patient with a knowledge 

base and makes these results available to physicians [4]. The planned CDSS shall support 

the diagnosis of an undiagnosed patient by comparing the undiagnosed patient with 

diagnosed patients from the DICs. The results of the similarity analysis should be 

visualized to the physicians [5].  

To develop a meaningful and successful CDSS in MIRACUM, it is essential to 

determine how similar patients should be visualized to the physicians. Therefore, the 

objective of this study is to determine how results of the similarity analysis of patients 

with RDs should be presented to the user to enable diagnosis support in a CDSS. 

2. Methods 

We conducted a focus group to investigate the visualization of similar patients for a 

CDSS for RDs. The aim of the focus group is to have an intensive discussion about a 

specific topic in which the subjective experiences of participants within a group are 

important [6]. The study was performed and reported in accordance with the SRQR 

Guideline (Standards for Reporting Qualitative Research) [7]. We considered 21 out of 

22 items of SRQR. In this section, we describe the method steps that were performed for 

the focus group. We prepared the focus group with a literature search and created 

mockups based on the results of the search. We then recruited the study participants and 

conducted the focus group. Finally, the results of the focus group were analyzed. 

2.1 Literature search 

The aim of the literature search was to identify visualization methods that can be used 

for the representation of similar patient cases. Therefore, we searched PubMed between 

January 15th, 2009 and January 15th, 2019. The search was conducted at January 16, 

2019. The search was based on keywords from the two search groups “A” and “B”, 

including MeSH Terms and non-MeSH Terms. Group A included the term “Patient 

similarity”. Group B included the terms “Visualization”, “Visual analytics”, “Knowledge 

discovery and exploration”, “Data Display (MeSH)” and “Decision Support Systems, 

Clinical (MeSH)”. The search groups were linked by a logical “AND”. All search results 
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were limited to English articles. We included original peer reviewed journals and 

conference papers. All other publication types were excluded. In addition, we only 

considered publications that address the visualization of similar patients.  

Software mockups were used to allow a discussion about the visualization methods 

in the focus group. Mockups are drafts (e.g. in the form of images) of a software interface. 

The mockups include visualization methods of the literature search. For the discussion 

about the mockups, an interview-guide was prepared which was used to structure and 

deepen the discussion [8]. The interview-guide was developed as advised by Mayring as 

a basis for the discussion of each visualization method [9]. The interview-guide contains 

four questions: (1) “What do you think about the visualization method?” (2) “How would 

you use this information to enable a diagnosis for the patient?” (3) “Do you have any 

suggestions for improvement?” (4) “How do you rate the visualization method? What 

are advantages or disadvantages?” 

2.2 Recruitment and conduction of the focus group 

A purposeful sampling was used to recruit participants used [9]. We contacted physicians 

who work with RDs patients in the MIRACUM consortia. Furthermore, we contacted 

non-physicians in the MIRACUM consortia with research-experience in medical 

informatics. We sent an email to eight experts of RDs in January 2019, representing eight 

specialized centers for RDs in MIRACUM. We further sent an email via a distribution 

list of MIRACUM to recruit the non-physicians. 

The focus group took place in March 2019 in a seminar room. The duration was 120 

minutes and the language was German. However, there is no standardized procedure for 

data collection and analysis of focus groups. It depends on the research question and the 

possible timeframe for the study. Therefore, we decided to make field-notes of the 

statements within the focus group and did not record the focus group with an audio device. 

Field notes were taken by two persons (NT and JOS) to reduce bias and increase accuracy 

[10]. Personal identifying data of study participants were not included in the field notes. 

The focus group was moderated by JAS, whose researcher characteristics are the 

following: “gender: Male”, “experience: 3 years research experience in medical 

informatics, main focus in RD projects”, “degree: M.Sc. in Medical Informatics”, 

“occupation: Research assistant”. 

2.3 Data analysis of the focus group 

We used a deductive approach with a qualitative content analysis as advised by Mayring 

and built categories before data analysis to extract text passages of the field notes [9]. An 

interview-guide was created based on four questions, as stated in section 2.1. If the field 

notes contained a statement in terms of a visualization method, these text passages were 

extracted. Therefore, a deductive category was created for each visualization method. 

Text passages were extracted from the field notes if they contained a statement to a 

visualization method. Whenever a text passage could not be clearly assigned to a 

category, the text passage was discussed and modified where required by NT, JAS and 

JOS. Furthermore, a questionnaire was used to evaluate the focus group, which was 

distributed to the participants at the end of the discussion. The questionnaire included ten 

items to rate the visualization method of the mockups with an ordinal scale from five 

(very important) to one (not important). The scale was derived from Schulz et al. to rate 

visualization elements of an information element [10]. For data analysis the visualization 
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methods were compared with the field notes of the focus group. The questionnaire also 

provided the options to write a comment about the visualization methods. These 

comments were also assigned to the deductive categories. Quotations of field notes and 

comments were translated from German into English for publication. Saturation of this 

study was reached when all categories were adequately represented in the data [11]. 

3. Results 

3.1. Selection of stimuli for the focus group 

The literature research identified 184 results. Five publications were identified as 

relevant [12–15]. During a discussion, all authors came to an agreement that Radar Plots 

and Neighborhood Related Graphs could be excluded, since they were irrelevant for the 

focus group [16]. Neighborhood Related Graphs show the proximity or distance between 

similar patients, but do not provide a quantitative representation of the similarities 

between patients. On the other hand, Radar plots require at least three categories of data 

in order to display the chart, otherwise two existing lines lie on top of each other and no 

further connection can be identified. Hence, the chart does not offer the possibility to 

compare two data categories directly and was therefore not used for the focus group. 

In the next step, mockups with a maximum of five visualization methods were 

created. The mockups were displayed as images during the presentation in the focus 

group. Mockup 1 shows four different sections with one visualization method for each 

section. The section “Overview of similar patients” shows a “Patient similarity plot”. It 

shows similar patients in regard to their similarity plotted on a scale from 0 (not similar) 

to 1 (most similar). According to Stubbs et al., “Criteria selection” can be used to 

calculate the similarities of patients to certain criteria [13]. A physician may be interested 

in displaying similar patients only based on symptoms. The section "Similar criteria" 

displays the distribution of the selected similarity criteria as a "Ranking glyph” [14]. 

Different rankings display how strongly a criteria affects the overall similarity. The 

section "Comparison of individual parameters” shows the progression of certain medical 

parameters between of two patients in a “Time-Series chart” [13].  

Mockup 2 shows a “Treemap” in the section “Overview of similar patients” 

containing rectangles sorted by size. The size of the rectangle indicates the similarity of 

rectangles sorted by size. The size of the rectangle indicates the similarity of patients 

[15]. The section “Criteria selection” is the same as in Mockup 1. The section “Patient-

timeline” shows the history of a patient with the option to click on further details, 

whereas “Distribution of specific parameters” shows the distribution of data that 

originates from certain criteria, such as symptoms or diagnoses, via “Pie-chart”. 
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Figure 1. Mockup 1 for the focus group 

 

 

 

Figure 2. Mockup 2 for the focus group 

 

In Mockup 3, “Overview of similar patients” and “Criteria selection” are the same as in 

Mockup 1. The section “Distribution of all patients” shows the distribution of patients 

on the basis of a “Sunburst plot” [14]. It displays the distribution of diagnoses and their 

relationships to other diagnoses across all patients. The section “Correlations” shows a 

heatmap with correlations between different types of data [14,15]. The last visualization 

method shows the comparison of individual patient properties in a “Patient on demand 

table”.                                                                                                                                             
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Figure 3. Mockup 3 for the focus group 

3.2 Results of the focus group 

Six out of eight experts for RDs responded to our invitation. Two of the invited experts 

could not be reached by phone or email. Furthermore, 11 non-physicians registered for 

the focus group. In total, 17 participants took part in the focus group. The score of one 

visualization method per participant was determined, summed up and an average was 

calculated (shown in Table 1).  

Table 1. Results of the questionnaire for all visualization methods of the mockups 

Visualization method / 

Category 

Visualization methods  Total points Average  

1 Patient similarity plot 49 3.06  

2 Criteria selection 71 4.17  

3 Ranking glyph 51 3.18  

4 Time-Series chart 71 4.17  

5 Treemap 44 2.75  

6 Patient timeline 70 4.11  

7 Pie-chart 44 2.93  

8 Sunburst plot 43 2.68  

9 Heatmap 58 3.44  

10 Patient on demand table 74 4.35  

3.2.1 Results of the categories and comparison with the questionnaire  

Category 1: Patient similarity plot 

The participants indicated for the category “Patient similarity plot” that this graph is 

important to determine the similarity. One participant stated that it is important to offer 

several patients for comparison. Other participants indicated that a tabular presentation 

would be clearer for an overview of similar patients. However, the “Patient similarity 

plot” does not lead to the best results in the questionnaire.  

Category 2: Criteria selection 

Regarding the category “Criteria selection”, the participants indicated that a weighting 

of the selection criteria should be possible. This is consistent with the ranking in the 
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questionnaire. One participant said: “How are the weightings set? Assuming that this is 

an RD, is it useful to weight certain parameters, e.g. is it conspicuous if two symptoms 

occur together?” 

Category 3: Ranking glyph and Category 4: Time-Series chart 

The “Ranking glyph” was rated negatively, both in the questionnaire and in the 

statements of the participants. The “Time-series chart” was evaluated positively in the 

discussion and in the comments of the questionnaire. It also achieved a high score in the 

questionnaire.  

Category 5: Treemap 

According to the questionnaire, category 5 is not considered as useful visualization 

method and achieves a score of 2.75. This is consistent with numerous comments and 

the field notes, e.g.: “In the visualization, it is not easy to see where the similarity exists”. 

Category 6: Patient timeline  

Category 6 is the third most important visualization instrument according to the 

questionnaire (4.11 points). In the field notes, the temporal arrangement and rhythm in 

the visualization is considered important. 

Category 7: Pie-chart, Category 8: Sunburst plot and Category 9: Heatmap 

“Pie-chart”, “Sunburst plot” and “Heatmap” were rated, e.g. as “too complicated”, “not 

recognizable” and “not relevant”. This is consistent with the questionnaire (< 3.5 points). 

Category 10: Patient on demand table 

This category scores the best in the questionnaire (4.35 points). In a commentary the 

visualization method is given as simple and clear. 

4. Discussion 

The results show that statements of participants in the focus group were similar to the 

results of the questionnaire. The top four rated visualization methods are “Patient on 

demand table”, “Criteria selection”, “Time-Series chart” and “Patient timeline”. 

However, Time-Series charts and Patient timelines are used in other medical applications 

[17,18]. We could not find any other publications with regard to “Patient on demand 

table” and “Criteria selection”.  

Using software-mockups as a “low-fidelity prototype” are a first step to show ideas to 

the future users in a previous stage of the development of a CDSS. Since low-fidelity 

prototypes do not allow user interactions, a high-fidelity prototype, with a real software 

functionality, might have other impacts on the results. High fidelity prototypes are 

assumed to deliver more effective data of the human interaction with a software [19]. 

Therefore we will develop a software prototype and evaluate in a further study which of 

the visualization methods are practicable. One possibility could be a so-called “Thinking 

Aloud Test”, where the users test the system and communicate their thoughts and 

suggestions [20]. 

 

Limitations 

The study has the following limitations. It was only possible to include participants of 

the MIRACUM consortium. Therefore, the results are limited to MIRACUM and 

Germany. Moreover, the proportion of physician participants was significantly lower, 
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what could have an impact on the results. We did not record the focus group and therefore 

no verbatim transcript is available. However, we minimized possible bias across the 

study by taking field notes by two persons independently and by implementing a high 

methodological standard with SRQR. 

5. Conclusion 

In this work, we could show that relevant methods for the visualization of RDs are 

available. Looking ahead, we will develop a software prototype for our CDSS including 

these visualization methods. Only a further user-centered evaluation will show, whether 

the selected visualization methods are effectively suitable for the representation of 

similar patients in RDs.  
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