Demo: Peeking into Patterns of Clinical Event Sequences with Peekquence
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Introduction

Finding temporal patterns in longitudinal event sequences is a challenging task, as the volume and variety of events
often make it difficult to extract salient patterns. In response to this challenge, data scientists have turned to machine
learning, known as frequent sequence mining (FSM) techniques, to automatically detect the most common sequences
of events to unearth interesting patterns. For instance, Frequence [4], Care Pathway Explorer [5], and TimeStitch [6]
all use frequent sequence mining techniques to find frequent sequences of events.
However, these algorithms often require users to specify a support threshold that, if too high, will yield only a few
patterns, or if too low, will yield numerous patterns that may be difficult for data scientists to determine the interesting
sequences from the mundane. In this demo, we aim to make the results of frequent sequence mining algorithms more
interpretable by giving end-users powerful ways to explore the data.
Our novel visual analytics system, Peekquence [1], integrates several new techniques that include: 1) powerful ways to
navigate the patterns by sorting with metrics relevant to users (variability, correlation to outcome, etc), 2) integration
of patterns with patient timelines, so users can understand where the patterns occur in the actual data, and 3) overviews
the summarize the most common events in the patterns.

Figure 1: Peekquence consists of four views: (A) the pattern list view showing patterns mined from SPAM with event
sequences (colored circles with letters) as well as bars of patients with the ratio of case and control labels (diagnosis of
a disease); (B) the sequence network view showing the frequency of event type co-occurrences within mined patterns;
(C) the event co-occurrence histogram view showing the frequency of events co-occurring for a selected pattern; (D)
the patient timeline view showing patients’ event sequences that match the selected pattern.
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Peekquence

The core visual unit of Peekquence are mined patterns, rather than events. As patterns may contain many different
event types and be composed of long event sequences, visualization techniques based on sankey diagrams (a la CareFlow [3]) or aggregated vertical bars (a la EventFlow [2]) tend to suffer from visual complexity without user-controlled
filters based on domain expertise. Instead, we opted for a simpler visualization technique: a list of patterns, made up
of event glyphs that visually encode each event type in the pattern. The event glyphs are visually encoded as circles,
colored according to an categorical ontology, and labeled with an abbreviation of the event type’s name. All of the four
views in Peekquence, shown in Figure 1, use this glyph as the common visual element. In addition to a list of patterns
(Figure 1A), there is an overview of common event types in the patterns (Figure 1B), histograms that summarize event
types that co-occur with the patterns (Figure 1C), and a coordinated view to the actual patient timelines to understand
how the mined patterns manifest in the actual data (Figure 1D).
In Figure 1, Peekquence is demonstrated on mined patterns from a cohort of patients with diagnoses of both congestive
heart failure (CHF) and chronic obstructive pulmonary disease (COPD). Of these patients, some are cases that were
hospitalized and the remaining are matched controls who have the disease but were not hospitalized. The goal is to
use Peekquence to understand if the patients with CHF and COPD that were hospitalized have any distinct patterns
of treatments compared to those who were not hospitalizd. For these patients, one year of data is mined after their
diagnoses of CHF. In this figure, only treatment events are mined, but the system is capable of merging multiple types
of events (e.g. diagnoses, procedures, and labs).
Peekquence has led to interesting discoveries of the benefits and problems by relying on mined patterns as the main unit
of visualization. There was no data curation done to the event types loaded into the user interface, but the algorithm
was able to surface highly relevant types due to their prominence among patients with CHF and COPD.
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Conclusion

In this paper, we presented Peekquence, a visual analytics system which aims to increase the interpretability of frequent
sequence mining algorithms. The four views combined with interactions provide useful functionalities for users to
make sense of patterns as well as their occurrences within patients’ records.
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