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Abstract. This paper introduces VESPA (Visual Event-Stream Pro-
gressive Analytics), a framework that integrates Streaming Process Min-
ing (SPM) with Progressive Visual Analytics (PVA) to support timely,
informed decisions using partial, evolving data. VESPA addresses the
challenges of analyzing transient, multifaceted event-streams by coupling
process mining with progressive visualizations. Our framework is struc-
tured around key dimensions (context, task, data, algorithm, user roles,
and interaction modalities). Two central research questions guide our
work: identifying optimal timing for progressive visualizations and de-
termining their effectiveness and appropriateness in streaming contexts.
A prototype with ward-centric and patient-centric views was conceptu-
alized, based on a simulated real-world scenario in the context of an
emergency department (ER). These views support user roles from pas-
sive monitoring to active exploration, enabling dynamic prioritization
and resource allocation. Preliminary results demonstrate the potential
of VESPA to enhance situational awareness and decision-making.
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1 Introduction

In dynamic, high-stakes environments, such as emergency response (ER) depart-
ments, decision-makers must act based on incomplete and continuously evolving
data. Traditional process mining techniques, which rely on static, retrospective
data, fall short in such contexts. Streaming Process Mining (SPM) addresses
this limitation, but often lacks the interpretability needed for decision-making.

This paper proposes the integration of SPM with Progressive Visual Ana-
lytics (PVA), which supports sensemaking through incremental visual feedback
and interaction, even when data or computations are incomplete. Together, SPM
and PVA form a unified framework—VESPA (Visual Event-Stream Progressive
Analytics)—that empowers users to monitor, explore, and act on streaming data
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in real-time. By coupling algorithmic insights with visualization, VESPA sup-
ports various user roles and tasks, from passive observation to active exploration.

Consider the real-time decision-making needed when managing a busy ER.
Patients undergo a sequence of diagnosis and possibly treatment steps that can
be conceptually captured as a process model, which may change depending on
the time of day (working hours vs. after hours) and case load (business as usual
vs. state of emergency). The head of the ER needs to monitor the current intake,
throughput, and related KPIs, like the length of stay (LOS) or ward load (WL),
to decide in real-time whether to allocate additional resources (activate on-call
doctors), to fast-track certain patients (increase their urgencies), explicitly switch
from the usual procedures to the streamlined emergency procedures or back, etc.

To support such time-critical decisions in real-time scenarios, we propose to
combine SPM with PVA. Our key contributions include: (1) A conceptual frame-
work for integrating SPM and PVA in time-critical decision-making contexts; (2)
Definition of a multi-dimensional problem space; (3) VESPA-VIS: a prototype
visualization system showcasing views in a high-stakes real-time environment.

2 Related Work

Streaming Process Mining (SPM). SPM [4] techniques have emerged to han-
dle the processing of constantly updating, real-time information. In a stream-
ing setting, events are processed, immediately after they are generated, by a
SPM pipeline, yielding intermediate. SPM algorithms can be used to handle the
control-flow discovery, where the control-flow is expected to represent the process
currently being executed [6]. Another problem that can be tackled is streaming
conformance checking [4], where the conformity of each event is verified against
a corresponding reference model. Despite these benefits of SPM, in a real-time
scenario as described above, the effectiveness of SPM cannot be fully realized
without providing effective intermediate insights.

Progressive Visual Analytics (PVA). PVA refers to iterative or incremental ap-
proaches for the visual analysis of large amounts of data that could not be
processed, visualized, or interacted with in a traditional, whole-dataset-at-once
manner [7]. PVA produces partial results, which are usually the outcome of
some technical process—e.g., a running computation that refines over time or a
complex data query yielding more and more data over time. These intermediate
results are then utilized for making time-critical decisions—e.g., in disaster re-
covery and emergency response scenarios [7, ch.7.6]. Hence, PVA focuses mainly
on displaying the progression of intermediate results to allow such decisions, but
less on providing insight into the progressive process itself. This is where the
combination with SPM comes into the picture.
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T1: Ascertain suitable quantity of
      processed data and stability of
      the computation results

T2: View large information spaces
      progressively

T3: Understand an algorithm and
       its inner workings

T4: Analyze an approximate or
      partial result of a costly query

T5: Refine search space based
      on the intermediate results
      provided by the progression

T6: Compare different executions
      of the computation

T7: Gain an overview of an
      unfamiliar information space

T8: Identify possibilities for furthering
      the computation by integrating
      the user’s tacit knowledge or
      preferences

T9: Investigate alternative scenarios
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Roles R1: The Observer R2: The Searcher R3: The Explorer

Fig. 1. Common user roles and tasks in PVA. Ranging from observers with
limited involvement and interaction possibilities to explorers directly wrangling with
one or more running processes in parallel. (adapted from [7, ch.7] under CC-BY 4.0)

3 Our Approach: VESPA

In developing our approach for VESPA, we first outline the problem space, from
which we derive two key research questions. We then present the VESPA archi-
tecture followed by a demonstration of preliminary results.

Aspects of the problem space. VESPA requires consideration of the fol-
lowing aspects: (1) Context, i.e., business process; (2) Task, e.g., conformance
checking or process enhancement; (3) Data space assumes at least an event log
but it could be augmented with other facets relevant to the problem; (4) Algo-
rithm space, i.e., the specific algorithm relevant to the task; (5) Guards/Rules [9]
that signal potential attention triggers for users; (6) Users include full spectrum
from monitoring scenario all the way to a fully explorative scenario following
the categorization into Observers, Searchers, Explorers [11] (see Figure 1); (7)
Visualization and Interaction space, e.g., interactive visualizations of event se-
quences [2] and dynamic networks [3, 8].

Research questions. We defined two research questions (RQs) posed by
such an SPM setting with a continuous flow of events:
RQ1 What are the required time points for progressive visualization for stream-

ing process mining? Identification of time points is related to the needs
of the analytical intention of the user. Based on previous experiences in
related projects, we identified three needs that may arise at different time
points and refer to them as scheduled, triggered, and on demand: (i) Sched-
uled (e.g., results are ready); (ii) Triggered (e.g., a guard/rule fires when
a conformance score is falling below threshold); (iii) On demand (e.g., an
explorer wants to probe on a particular facet, such as the trend in urgency
levels). These time points in turn influence the suitability of the visualiza-
tion and interaction which leads us to our second research question.

RQ2 What are the expressive, effective, and appropriate progressive visualiza-
tions and interactions for streaming process mining? Expressiveness refers
to the requirement of visualizing exactly the information contained in the
data; nothing more and nothing less [10]. Effectiveness considers the de-
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Fig. 2. VESPA’s Architecture: The proposed software architecture for PVA in SPM.

gree to which the visualization addresses the cognitive capabilities of the
human visual system, the task at hand, the application background, and
other context-related information, to obtain intuitively recognizable and
interpretable visual representations [10]. Finally, appropriateness involves
a cost-benefit ratio to assess the value of the visualization process with
respect to achieving a given task [15]. For VESPA, this implies that the in-
formation displayed should answer to the exact needs, nature and urgency
of the current request (expressiveness), they should be made available in
a manner that considers these while enabling the user to accomplish their
tasks (effectiveness) and retain a cost-benefit balance (appropriateness).

VESPA’s Architecture. The overall approach is proposed to be embedded
in a software architecture as seen in Figure 2. The continuous event-stream is a
key feature of the problem space. Depending on the velocity of the event-stream,
there may or may not be a persistent storage and hence the system architecture
presents it as a ‘transient’ event log. A process mining tool is selected based on
the task e.g. conformance checking. In addition to the discovered process, the pro-
posed system architecture also produces a process mining results dataset. This
includes details such as conformance scores and multi-faceted event data [14].
When needed, the transient event log may also be used to produce basic aggre-
gations such as patient load over a period of time. Together the aggregations
and the process mining results constitute a curated dataset that forms the input
to the visualization. The results from the visualization component are expected
to empower users to perform a range of tasks from monitoring all the way to
interactive exploration to support timely (or even real-time) decision making.

Preliminary results. We outline a realistic hypothetical user story ex-
pressed in two levels of detail to frame and guide our VESPA approach.

– Patient-centric: An ER administrator wants to know if the LOS for one
ER patient is too high requiring to prioritize them in the waiting queue.

– Ward-centric: An ER administrator wants to know if the LOS for a cohort
of ER patients is too high / too low to adjust the allocation of resources.

This user story manifests in the problem dimensions: (1) Context: Healthcare;
(2) Task: Primarily we will focus on conformance checking, but this is intended
to be augmented with relevant facets; (3) Data space: Ideally, data should come
from the information system of the ER; (4) Algorithm space: We can use be-
havioral conformance checking (BCC) [4]; (5) Progressive Guards [9]: Three
guards are considered: conformance falling below threshold; a load of an urgent
category (critical/high) increasing over a threshold; and the LOS of a given pa-
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tient increasing over a threshold; (6) Users: Interchangeable roles of Observers,
Searchers, Explorers; and (7) Visualization and Interaction space is aligned with
the patient-centric and ward-centric user stories. We assume that the processes
happening in the ER are not stationary and can change according to different
criteria. For example, we can assume that a typical ER process changes during
off-peak (with fewer doctors available) or during an intense scenario (with many
patients checked at once and doctors coming from other wards).

A SPM pipeline can be implemented using pyBeamline [5]. The pipeline
processes each event and computes the following: (1) The DFG model [5, 1]
updated up to the given point in time; (2) The conformance value of the stream
against the ER’s operational models (off-peak vs intense).

VESPA’s Prototypical Mock-Up. Based on the use case and outlined prob-
lem dimensions, we designed a prototype mock-up, VESPA-VIS. VESPA-VIS
comprises two main views addressing the two levels of detail of the user story,
the Ward view (cf. Fig. 3) and the Patient view (cf. Fig. 4), designed to address
the two outlined levels of detail of our ward-centric and patient-centric use cases.

The Ward view is split into a Patient Flow view (cf. Fig. 3A) and a Temporal
Facet view (cf. Fig. 3B). The Patient Flow displays the event-streams flowing
into the ER ward. A node-link diagram representing the currently active refer-
ence model is shown as a backdrop in the view. As the events stream into the
ward model, the current patient load is mapped to node sizes and edge widths.
Deviations to the model (i.e., “unexpected” events not included in the reference
model) are drawn in a dashed style. The Patient Flow displays the flow of pa-
tients over a given expert-user defined time-interval preceding the current time
point (e.g., 10 minutes). A time slider allows exploration of past intervals. Hov-
ering over a node or edge pops up a tooltip displaying the number of patients
belonging to the corresponding event or transition over time. The Temporal Facet
view displays a selection of graphs showing the temporal distribution of relevant
facets (cf. Fig. 3B). These facet graphs complement the Patient Flow view and
allow an expert to inspect surrounding factors and reason about the processing
state of the ward. On the top, the conformance score over time is displayed.
Conformance w.r.t. the currently explored model is displayed by default (e.g.,
regular operations), and on hover, conformance w.r.t. two complementary model
variations is also shown (e.g., off-peak, intense). This graph allows the expert to
monitor the conformance of the process over time, detect fluctuations from the
expected behavior, and assess whether the correct model is used as a reference
or whether another model should be used. If the conformance score falls below
a certain threshold over a certain period of time, a guard is triggered, calling for
the attention of the expert. The second graph displays the ward load over time,
i.e. the total number of patients being processed, allowing the expert to monitor
the overall stress on the ward over time. Third, the average LOS of patients
being processed is displayed over time, providing an additional cue to the load
on the ward. The fourth graph gives a summary overview of the urgency of the
patients being processed over time. The distribution of the urgency classes (e.g.,
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Fig. 3. VESPA-VIS Ward View comprising (A) the Patient Flow view displaying
the event-streams flowing into the ER ward, and (B) the Temporal Facet view display-
ing the temporal distribution of relevant facets.

low, medium, high) is displayed as a stacked area graph, allowing an expert to
reason about the characteristics of the patients currently putting load on the
ward. Additional facets could be displayed in a similar manner in the view, if
deemed appropriate for the task at hand.

The Patient Flow and Temporal Facet views are updated according to three
timing strategies: (1) at regular pre-defined intervals (e.g., every 10 minutes or
100 events) by default (scheduled), (2) if a guard/trigger is activated (triggered),
(3) upon request of the user (on-demand). The Ward view is displayed for all
of the available reference models in different tabs. A user can switch between
exploring the event-streams against these at any time.

The Patient View (cf. Fig. 4) is designed to drill-down into the individual
patient event-streams when a need arises. In the Patient View, the individual pa-
tient streams are displayed as event sequences. Time is displayed on the horizon-
tal axis and the user can toggle relative and absolute time. Patient sequences are
sorted along the vertical axis by an urgency score. If the computed urgency score
of a patient exceeds a predefined threshold, a guard triggers, calling attention
to the need to prioritize individual patients. The urgency score is computed as a
distance from a benchmark sequence. We consider three alternative benchmark
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Fig. 4. VESPA-VIS Patient View displaying individual patient streams as se-
quences of events sorted along the vertical axis by an urgency score.

sequences in VESPA-VIS: (1) The “Golden standard” pre-defined by an expert
as an ideal path through the process both in terms of sequence of events and tim-
ing. Different ideal sequences can be defined for different times of day or days of
the week. (2) The “Current average” as a typical patient sequence reflecting the
current ordering and average duration of events. (3) A “User adjusted” patient
sequence where an expert (e.g., ER manager) makes online decisions regarding
the target duration of events. The ability to choose between benchmarks to com-
pare against allows the expert user of VESPA-VIS (e.g., ER manager) to flexibly
adjust the notion of urgency and control prioritization of patients according to
the current situation, their domain knowledge and previous experience.

Together, the Ward and Patient views allow users to transition smoothly be-
tween user roles: monitoring the current situation, reacting on evolving changes,
reasoning about possible explanations, and potentially anticipating outcomes.

4 Conclusion and Future Work

The presented VESPA-VIS mockups provide an initial illustration of our research
questions. That is, when and how PVA can best support real-time decision-
making in a SPM context. The illustration of the approach through the use
case indicates fertile ground for further developing the approach, however, there
remain a number of further considerations for the approach to be fully realized.

A robust evaluation with carefully planned user studies with representative
participant groups will help to assess the effectiveness of PVA for (real-time) de-
cision support. Given the continuous nature of the event-stream, it is natural to
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expect a need to ‘forget’ previous event-streams when they are no longer relevant
for the current decision making. For example, the straightforward way of simply
‘forgetting’ patients who have exited the ER through discharge or transferal to
another ward, prevents the head of the ER department from comparing the cur-
rently observed situation with previously observed situations such as processes
occurring on a current New Years holiday day to the processes on the same
day in previous years, to identify best practices or simply “what has worked in
the past”. Identification of ‘forgetfulness’ thresholds is in itself a complex and
multi-faceted problem that requires further work, although prior literature gives
hints (e.g., [12, 13]). Although the focus of the approach is to support real-time
decision making, the insights gained from the proposed approach present an
opportunity to inform process enhancement.
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