
How can advanced 
analytics and innovative 

data visualizations improve 
the understanding 

of cancer healthcare 
pathways trajectories?

How to select an impactful data visualization? 
Follow the decision tree

Background
Healthcare databases, especially claim databases, present 
large opportunities to study patient care pathways for 
specific disease.  

Each patient’s medical history is a timeline containing 
medical events (hospitalizations, consultations, drug delivery, 
etc.). Since each patient is unique, it is rare to find two 
patients with identical care sequences and representing 
every patient timeline is impractical with cohorts of 
thousands of patients. 

It has been shown that user-friendly and comprehensive data 
visualizations have a strong impact on the interpretation of 
study results. One of the challenges is to provide such 
appropriate visuals to ensure that results are well understood 
by the medical community, as well as patients and their 
relatives.

Objectives
This work aims at exploring and providing methodological 
recommendations on the use of innovative data 
visualizations supporting analytic methods, including 
artificial intelligence, to address healthcare pathway 
questions.

Methods
We summarized in a decision tree the methodological steps 
that should be considered prior to choosing the most 
appropriate visualization. The decision tree splits are based 
on: 

• the type of variables (categorical or continuous), 
• the number of simultaneous variables, 
• the information you want to keep (order of the events, time 
between the events) 

Finally, analytic methods that could enhance each 
visualization are described.

For each of the visualizations, we gave examples of associated 
study questions applied on cancer patients at different steps 
of their healthcare pathways (before diagnosis or in the first 
year of treatment).
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Visualize treatment sequences, for 
example in the year following the breast 
surgery of HER2+ early breast cancer 
patients 1.
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Visualize event sequences, for example 
before a cancer diagnosis.
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Visualize the evolution of care resources 
used during the first year of treatment or 
the evolution of patients cost, by category 
 (drug, hospitalization, etc).
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Each square is colored according 
to the patient care ressources used 
at one timestamp (example: a month) 
and for one type of care resources 
(example: imaging)
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Conclusion
Our work resulted in a decision tree of 
methodologies that can be applied in order to 
analyze and visualize healthcare pathways 
depending on each clinical situation and study 
question in cancer. This could be applied to different 
types of cancer or even to other diseases. 
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Vertical stacking of the timelines.
In practice, it is unreadable for a cohort of more than 
30 patients.

...

Clinical examination

Biopsy

Imaging

Diagnosis

Scanner

PET-scan

Sunburst

Radial stacking of the sequences.
The exact sequence of each patient is available, 
but with large cohorts, long sequences and a 
large diversity of events, the outer rings become 
difficult to read.

Sankey

Vertical stacking of the sequences and aggregation 
by ordering place. 
The history of each patient is not available unlike in 
the sunburst, but we know how many patients had a 
scanner as a 2nd last event.
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Rearrange the sankey by intelligently aggregating 
events to extract general patterns.
Here, all patients had a biopsy, which could not be 
deduced in the sankey because biopsies occurred at 
different ordering places in the patient sequence.
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2D Heatmap: cohort card

Square by square, values from all patients are 
averaged to summarize all patients' cards into 1 
cohort card.
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Order intelligently the timelines to enhance 
readability. Add horizontal lines to segregate 
clusters of similar timelines.
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Image processing

Cluster the cards to reveal different typologies of 
pathways among the cohort. Summarize each 
typology into one card: the mean card of patients in 
the cluster. 

Imaging

Treatment

Clinical examination

Medical oncologist


