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Abstract
We present a novel visual-interactive interface to show results of a machine learning algorithm, which predicts the infection
probability for patients in hospitals. The model result data is complex and needs to be presented in a clear and intuitive way
to microbiology and infection control experts in hospitals. Our visual-interactive interface offers linked views which allow for
detailed analysis of the model results. Feedback from microbiology and infection control experts showed that they were able to
extract new insights regarding outbreaks and transmission pathways.

CCS Concepts
• Human-centered computing → Visual analytics; • Computing methodologies → Artificial intelligence;

1. Introduction

A high occurrence of infectious diseases in a hospital is a thread for
patients and hospital staff. A particular threat are pathogens which
have developed resistance to multiple antibiotics as well as the new
infections caused by SARS-CoV-2 as part of the worldwide pan-
demic. Infections occur in outbreaks in a temporally and spatially
clustered manner. A promising strategy to reduce new infections is
to detect high occurrence of pathogens at an early stage and to trace
transmission routes. For clinicians and hygienists (for simplicity
’experts’) it is currently very difficult to monitor the occurrence of
infections. Relevant data is only available in tabular format and is
neither visually processed nor meaningfully linked. This results in
a high amount of time-expensive, manual labor. To help predict-
ing infection risk of a patient, a machine learning model was cre-
ated and used. The dataset contained over one million test results
of patients collected from 2010 to 2014. In order to extract high-
level patterns such as transmission pathways and high pathogen
occurence (so-called "clusters") the data needs to be visualized in a
compact view.

Related Work Previous work combines visual analysis of patient
treatments, results, contagion and transmission paths [BPW∗21].
First attempts at combining these data with machine learning re-
sults have been made [MPW∗20]. However instead of focusing
on individual patients, this work focuses on whole hospital. Visu-

alizing machine learning output results in new challenges for the
viewer. Only displaying the output is not enough. For understand-
ing the output, also the factors determining the output and their im-
pact need to be shown. The field of explainalble AI (XAI) provides
possible solutions to create explanations for machine learning mod-
els. [GMR∗18] SHAP (SHapley Additive exPlanations) is a game
theoretic approach to explain the output of any machine learning
model. SHAP has shown promissing results in the field of XAI and
was already applied to medical applications [LL17] [LNV∗18].

2. The Visual Interface and Use Case

The presented interactive interface consists of multiple linked
views. It aggregates the data and shows prediction and patient lo-
cation for different parts of the hospital in a treemap, which is
enriched by the patient movements between wards. The averaged
infection prediction is encoded by color and the patient count by
size. Time series analysis is possible by interacting with the stream-
graph. The visual interface is accessed via a recent webbrowser and
implemented with React [GP15] and D3 [Dew12]. The SHAP val-
ues are calculated using the python library SHAP. We describe the
interface’s features with a typical workflow of an hospital’s hygien-
ist (cf. supplemental video)
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Figure 1: The visual interface as a web application. The current state of the hospital can be seen on the treemap (1). Time series analysis
can be done by selecting a time frame in the streamgraph (2). The overview shows the information in an compact manner (3). Importance of
the three most important features is listed in (4). The menu can be used to sort the visualizations and set a minimal threshold (5)

(1) Overview

A treemap provides the expert with an overview of the current in-
fection predictions and patient counts for all relevant hospital enti-
ties, such as rooms, wards and buildings. The treemap is very space
efficient, allowing the whole hospital to be visualized. Thus direct
comparisons between entities can be made. By clicking on an entity
on the treemap, a zoomed-in version appears. Overlaid on top are
the patients’ movements between wards as a network diagram. The
width of a curve encodes the number of patients. The movements
are displayed bidirectional between wards by using different angles
for each curve [FWD∗03].

(2) Time-dependent View

A streamgraph is used to display the changes in patient count and
predicted infection risk over time. Each bin represents a building in
the hospital. The streamgraph and treemap are linked together. This
allows the expert to select a time frame in the streamgraph and get
real-time updates on the treemap for the selected time frame. On
the other hand, if the expert selects a location in the treemap the
streamgraph will highlight the corresponding data.

(3) Create a compact overview

While treemap and streamgraph allow to explore the complete hos-
pital on any level at any given time-frame, we also want an easy
to understand summary, so that anyone can detect high pathogen
concentrations. For this case, a bar chart is used. It is linked with
the streamgraph, meaning that it automatically updates when a time
frame is selected. The expert can also click on the bar to get more
information about the corresponding ward in the treemap.

(4) Explain and verify predictions

A bar chart is used to display the feature importance generated by
calculating SHAP values. It shows the three most important pa-

rameters, which all belong to the location of the patient. Since the
SHAP values are calculated beforehand, they are not updated by
filtering.

(5) Interaction

The expert can set the minimal infection probability for filtering
shown patients. It is also possible to order the nodes in the treemap
and the bar chart by predicted infection risk or patient count.

3. Expert Feedback and Future Work

The visual interface was presented to a group of experts and a group
of non-experts. They were asked for their opinion on the func-
tionality, comprehensibility, and desired extensions. Both groups
successfully identified transmissions patterns by using the move-
ment network and sorting the nodes by prediction. The experts
commented, that they could detect expected patterns in the stream-
graph. In sum, they praised the layout and the methods of inter-
action. Having all views linked was very well received. However,
both groups had difficulties identifying the direction of the curves
in the movement network. Moreover, the experts wished to have
a function exporting a list of selected patients from the treeemap.
Since geographic data was not provided, future work may also try
to sort wards and buildings in the treemap by physical distance. It
is also possible to try different streamgraph layouts that feature a
non-centered y-axis. The visualization can be integrated into differ-
ent decision support applications to support domain experts in their
infection surveillance.
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