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Abstract
Process mining analysts often need to compare multiple process models extracted from different process variants (e.g. product
categories in a purchase-to-pay scenario) to detect specific behavioral patterns, such as delays or deviations. However, current
process mining tools provide limited support for systematically managing collections of process models, which makes such
analyses too manual and time-consuming. To address this, we have integrated LoVizQL, a query language for obtaining col-
lections of Directly-Follows Graphs that meet specific, user-defined conditions, into an interactive query tool. Our tool enables
users to formulate queries, generate multiple process model collections simultaneously and compare them to identify process
variants of interest. We describe two concrete real-world scenarios to asses the utility of the proposed approach.

CCS Concepts
• Information systems → Process mining; Query language; • Human-centered computing → Visualization systems and tools;

1. Introduction

Process mining is an interdisciplinary field at the intersection of
Business Process Management (BPM) and Data Science. It in-
volves extracting insights from process execution data from event
logs [VDA16]. An event log records activity executions within
business processes, typically including attributes such as case iden-
tifiers, activity names, and timestamps [DFGMM18]. To analyze
these logs, process mining techniques often rely on process mod-
els that visually represent process behavior. One of the most
widely used types of process model is the Directly-Follows Graph
(DFG) [VDA19]. A DFG is a graph in which each node repre-
sents an activity of the process, and each edge represents a directly-
follows relation between activities [DFGMM18].

In practice, analysts often compare multiple process variants to
identify behavioral patterns, such as delays, deviations, or struc-
tural differences [CASUCR22, KMW19]. A process variant is a
subset of executions of a business process that can be distinguished
by some characteristic (e.g. the executions of a process in a given
country) [TLRDM21]. However, current process mining tools typ-
ically require analysts to repeatedly filter the event log, generate
DFGs individually, and manually inspect them side by side to un-
derstand differences between process variants. The lack of support
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for managing and systematically comparing collections of DFGs
makes this workflow time-consuming and involves many steps. We
will illustrate this with an example.

EXAMPLE 1. Consider a process mining analyst studying the
purchase-to-pay process across several countries to identify sys-
tematic delays in invoice approvals. Using conventional tools, this
requires filtering the event log by country, generating a DFG for
each subset, and inspecting them individually. Focusing on specific
frequent process variants further multiplies this effort, making the
analysis tedious and time-consuming.

To address this limitation, the Log Data Visualization Query
Language (LoVizQL) was developed [SUCACR23]. LoVizQL is
a query language that obtains collections of DFGs that satisfy user-
defined conditions. The collection of DFGs corresponds to a set
of process variants obtained by applying data manipulations to an
event log. However, although LoVizQL defines the query language
and its semantics, it does not support the interactive construction
of queries. In this paper, we propose an interactive query tool that
enables the incremental construction of LoVizQL queries, allow-
ing analysts to generate and compare multiple collections of DFGs
derived from process variants. The tool supports both independent
analysis of individual collections and comparative analysis across
collections. We demonstrate the utility of our approach through two
case studies on real-world event logs, showing how the proposed
query tool supports systematic exploration of collections of process
models. The remainder of this paper is structured as follows. Sec-
tion 2 reviews related work. Section 3 introduces LoVizQL. Sec-
tions 4 and 5 present the tool and system overview. Section 6 de-
scribes the evaluation scenarios, and Section 7 concludes the paper.
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Name Filter Nodes Metrics %P %A Selection
f1 “concept:name" Absolute Frequency
f2 [Mandatory] v1<-“case:parts".* “concept:name" Absolute Frequency v2<-argmaxv1(k=2) numberOfNodes(f1,f2)

*f3 [Mandatory] v2 “concept:name" Absolute Frequency 0.1 0.1

Table 1: Example of query in LoVizQL.

2. Related work

Query languages in the business process domain have been de-
veloped to facilitate the extraction of information from event
logs [POBvdA17]. Several event log query languages focus on
filtering cases, expressing control-flow constraints, or retriev-
ing performance indicators. DAPOQ-LANG [GLdMRvdA16],
PIQL [ÁDP∗21], BPQL [MS21], and IQL [SMvZvdA22] define
languages for formulating queries. Similarly, graph pattern search
and motif discovery techniques [CF06, MSOI∗02] have been pro-
posed to identify recurring substructures in graphs. However, these
approaches focus on defining query languages and pattern match-
ing techniques, rather than on the interactive construction, manage-
ment and comparison of collections of process models.

Several approaches support the comparison of process mod-
els through overlays, annotations, or side-by-side visualiza-
tions [WCZ∗19, JJP∗21, BdLvdA18]. These approaches facilitate
the inspection of structural or performance differences between
models, but primarily focus on visualization rather than the sys-
tematic construction and exploration of process model collections.
VISCoPro [SUCACR26] supports the interactive creation and vi-
sualization of individual DFG collections derived from event logs.
However, it does not support the interactive querying and compari-
son of multiple collections across exploration steps. Similarly, com-
mercial tools [pro] such as Apromore, Celonis, Signavio, ARIS,
and UiPath support process variant comparison, but do not provide
mechanisms to define and compare collections of process models.

In the field of visual analytics, systems such as Zenvis-
age [SLK∗17] and ShapeSearch [SLW∗20] address exploratory
analysis by generating visualizations that satisfy user-defined con-
ditions. These systems allow users to specify visual patterns and au-
tomatically retrieve matching visualizations, enabling exploration
of large collections without manual inspection. While these operate
on traditional visualizations such as line charts, our approach fo-
cuses on process models. Moreover, instead of retrieving visualiza-
tions based on pattern similarity, our system enables users to define,
store, and compare process model collections based on structural
and performance properties. To the best of our knowledge, existing
approaches do not support the combined querying and comparison
of multiple process model collections in an interactive manner.

3. Background: LoVizQL query language

We now briefly describe LoVizQL [SUCACR23], the core of our
interactive query tool. A detailed description of its syntax and se-
mantics is provided in [SUCACR23]. LoVizQL enables analysts
to obtain collections of DFGs that contain process insights with-
out manually applying several manipulation actions and compar-
isons between visualizations. Queries are represented as tables, as

depicted in Table 1. This table illustrates a query that identifies
two process variants associated with the attribute “case:parts” that
maximize the difference in the number of unique activities with
respect to the overall process. The query is executed across three
rows. The first query row (f1) generates the reference DFG of the
complete event log. The second row (f2) groups the event log ac-
cording to all possible values of the “case:parts” attribute, result-
ing in one process variant and its corresponding DFG per attribute
value. Finally, the third row (f3) compares the DFGs generated
in f2 with the reference DFG f1. Since nodes correspond to ac-
tivities in this example, the query measures the difference in the
number of unique activities, and retrieves the two process variants
that maximize this difference.

We now describe in detail the components of the query shown in
Table 1. Each query row defines a collection of DFGs. The query
fields are organized into four groups: the query identifier (Name),
the data manipulation properties (Filter), the DFG creation (Nodes,
Metrics, %P and %A), and the operation applied to the collection
of DFGs to select those of interest (Selection).

LoVizQL supports sequential data manipulations to create spe-
cific collections of process variants. Each data manipulation, spec-
ified in the Filter field, produces either (i) a subset of the original
event log or (ii) a collection of subsets. A subset results from apply-
ing a filtering condition (e.g., retaining cases with a duration greater
than a specified threshold). In contrast, grouping operations can be
applied to a specific attribute values or according to all values of
that attribute. The example in Table 1 illustrates the latter case. In
f2, the expression v1 <- “case:parts”.* groups the event
log by all values (represented as “*”) of the attribute “case:parts”.
As a result, the system automatically filters the event log into sub-
sets based on each attribute value. Each generated subset corre-
sponds to a process variant. In addition, the grouping mechanism
is not limited to attribute filters. It can also be applied to filters
based on process control-flow. For instance, using the endpoint fil-
ter and all values selection, the system automatically creates one
subset for each observed combination of start and end activities.
To support dependencies between query rows, LoVizQL incorpo-
rates variables to store elements, following the structure “variable
<- element”. In LoVizQL, variables store the filtering or grouping
criteria and can be reused in subsequent query rows. In Table 1,
variable v1 stores the values of the attribute “case:parts” gener-
ated during the grouping operation in row f2. These stored values
are then reused in the selection step of row f3.

After creating the process variants, the Nodes and Metrics fields
(cf. Table 1) define the properties of the corresponding DFGs. The
Nodes field selects the event attribute for the DFG nodes (e.g., ac-
tivity or role), while the Metrics field determines how the nodes
and edges are annotated using frequency or performance measures,
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A. DFG creation

B. Data manipulation

C. Collections of DFGs

D. Selection

Figure 1: Interactive query tool interface for DFG exploration: Overview of components.

Visualization panel

Figure 2: DFGs of the two cities minimize the difference in the
number of nodes compared to the DFG of the complete process.

such as mean cycle time. Additionally, the %P and %A fields in-
dicate the percentage of transitions and activities, respectively, in-
cluded in each DFG of the collection.

Finally, the Selection field enables analysts to search for DFGs of
interest within or across collections. Analysts first define a pattern,
which defines a measurable property of the DFGs, such as the num-
ber of nodes, frequencies, rework, or performance metrics. These
properties are currently restricted to a predefined set of available
pattern functions supported by the system. Then, a selection func-
tion is applied to optimize this property by maximizing or mini-

mizing its value within a collection or computing differences be-
tween two collections. The number of retrieved results is also spec-
ified, such as the top-k DFGs that best satisfy the defined condi-
tion. Table 1 illustrates this comparative search mechanism. In row
f3, the expression v2 <- argmax_v1(k=2) numberOfN-
odes(f1,f2) iterates over the values stored in v1. For each
process variant in f2, the system compares its DFG against the
reference DFG generated in f1 and computes the difference in the
number of nodes. The values in v1 that maximize this difference
are stored in v2, enabling their reuse in subsequent query rows.

4. Interactive querying over collections of DFGs

This section describes an interactive query tool that uses LoVizQL
to allow users to explore collections of DFGs. This tool is an ex-
tension of VISCoPro [SUCACR26]. Our contribution builds on this
by providing a query-driven interaction model to systematically de-
fine, store, and compare multiple collections of DFGs across query
rows. The tool is publicly available [visa]. Figure 1 shows the in-
terface loaded with an event log.

As shown in Figure 1, the interface is built around the query table
(cf. Figure 1-C). In LoVizQL, each query row defines a collection
of DFGs. As the user interacts with the tool, this table is incre-
mentally constructed: each configuration of data manipulation and
DFG properties defines a new query row, and its output is stored
as a collection. In this way, users do not need to explicitly write
queries, since they are generated through interaction with the inter-
face. This design allows analysts to automatically capture interme-
diate results, which they can then reuse in subsequent steps. This
facilitates the systematically exploration and comparison DFG col-
lections across query rows.

First, the user defines filtering and grouping operations over the
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event log (cf. Figure 1-B), which determines the set of process vari-
ants included in the collection. Next, the user specifies how each
process variant is represented as a DFG, including node attributes,
performance metrics, and frequency-based filtering (cf. Figure 1-
A). These two steps rely on existing VISCoPro functionalities. We
further extend VISCoPro by enabling the use of LoVizQL variables
within data manipulation steps. This allows filtering and grouping
conditions to be stored and reused across queries.

Beyond the creation of individual collections, the tool allows
analysts to query and analyze multiple stored collections (cf. Fig-
ure 1-D). To formulate a query, users first select one or more DFG
collections, define a pattern function corresponding to a measur-
able DFG property (e.g., number of nodes, frequencies, rework, or
performance metrics), and specify an optimization function for this
property. Queries may also define the number of results to retrieve,
such as the top-k DFGs satisfying the specified condition. When
a single collection is selected, analysts can search for those DFGs
that maximize or minimize a given property within this collection,
such as the process variants with the longest execution times. When
two collections are selected, one acts as the collection of interest
and the other as the reference collection. The system then performs
pairwise comparisons between DFGs and identifies those in the col-
lection of interest that best meet the selected optimization function.
For instance, analysts can identify the top-3 process variants whose
DFGs differ the most from the reference collection in terms of num-
ber of nodes. This specification is added to the Selection field of
the collection of interest and stored in a variable that can later be
reused to define new DFG collections in subsequent query rows.
The original functionalities of VISCoPro do not support querying
and comparing across DFG collections.

Finally, the visualization panel (cf. Figure 2) uses existing VIS-
CoPro functionalities to display multiple DFGs simultaneously. It
visualizes the results of each query row, allowing analysts to inspect
the generated DFG collections and avoid empty queries.

5. System overview

This section provides an overview of the architecture of our tool. It
is implemented in Python and built using the Streamlit [str] frame-
work to support interactive visual analytics. The source code is pub-
licly available [visb].

The architecture is modular and consists of two main compo-
nents: a front-end interface and a back-end processing layer. The
front-end, which is implemented in Streamlit, manages user inter-
actions, including actions such as data manipulation, DFG param-
eter selection, pattern definition, and result visualization. It pro-
vides dynamic components for filtering, grouping, optimization-
based searches, and interactive comparisons of DFGs. The back-
end is responsible for processing event logs, generating collections
of process variants, constructing corresponding DFGs, and execut-
ing selection queries. We have used PM4PY [pm4] library, which
provides several process mining functionalities. In addition to these
capabilities, our system implements the necessary logic to manage
DFG collections, handle variables, and perform comparisons across
multiple DFGs according to patterns defined by the user. The DFG
construction and comparison processes are executed dynamically

based on stored variables. When a search is performed, the sys-
tem iterates through the variable values, calculates the result of the
specified pattern, and ranks the results accordingly.

6. Demonstration scenarios

Our scenarios illustrate how the proposed tool supports: (i) iden-
tifying relevant insights from DFG collections; (ii) building multi-
step exploration workflows through grouping, filtering, and com-
parison; (iii) reusing variables across queries; and (iv) systemati-
cally comparing multiple DFGs.

6.1. Dataset

We will use a real-world event log from the Business Process In-
telligence Challenge (BPIC), an annual contest in which an organi-
zation provides an event log and some business questions. Specif-
ically, we will use the International Declarations event log from
2020 BPIC [vD20]. It includes 6,449 cases and 72,151 events re-
lated to the reimbursement of international travel expenses at Eind-
hoven University of Technology. In this process, employees sub-
mit reimbursement requests after taking international trips. Each
request goes through a sequence of approval steps involving roles
such as travel administrator, budget owner, and supervisor. The log
records the activities performed, timestamps, organizational units,
and role information for each event.

6.2. Scenario 1: Structural analysis

A common question in process mining is whether certain organiza-
tional units in a process lead to different complex process behav-
ior. In the context of the International Declarations log, we address
the following question: Which departments generate the less struc-
turally complex process variants in relation to the overall process?

To answer this question, Figure 3 shows the query correspond-
ing to this scenario. First, we generate a collection with only the
reference DFG from the complete event log to represent the overall
international reimbursement process (f0). Next, we create a collec-
tion of DFGs by grouping cases according to the presence of spe-
cific departments using the “organizational:unit” attribute (f1).
Each DFG in the collection corresponds to one department and in-
cludes all cases corresponding to it. The set of departments consid-
ered is stored in variable v0, which will be used later. In total, it
contains 27 values. In both queries (f0 and f1), the DFGs are built
using the activity attribute to define the nodes, and the absolute fre-
quency is used as metric.

Then, we use the selection panel to search for specific DFGs.
We define the number of nodes as the pattern function of interest
and choose to maximize the difference in number of nodes between
the two collections (f1,f0), i.e., between each DFG (f1) and the
reference DFG (f0). The system iterates over the values stored in
v0 and computes the structural difference for each pair of corre-
sponding DFGs. Additionally, we search for the top two depart-
ments that maximize this difference. Then, the tool returns the two
DFGs whose structure deviates the most in terms of the number of
activities involved. These results are visualized side by side, allow-
ing analysts to immediately inspect structural differences. Finally,

© 2026 The Author(s).
Proceedings published by Eurographics - The European Association for Computer Graphics.



M. Salas-Urbano & C. Cabanillas & M. Resinas / Interactive Querying over Collections of Process Models 5 of 6

Figure 3: A LoVizQL query returning the two departments whose process variants differ most from the complete process.

Figure 4: A LoVizQL query returning the roles with the highest rework and the longest activity durations.

organizational unit 65488 and organizational unit 65478 depart-
ments, which are the values associated with the selected DFGs, are
stored in variable v1 and can be reused for subsequent analyses.
This allows for incremental exploration, enabling analysts to re-
strict further filtering or comparisons to the identified subgroups
without redefining the original grouping conditions. For instance,
in the last query (f2) we used v1 to group the event log.

6.3. Scenario 2: Role analysis

A common challenge in reimbursement processes is identifying
which roles are associated with corrections or revisions. In this con-
text, we investigate the following question: Which roles in the inter-
national reimbursement process involve activity rework? Do these
roles contribute to time-consuming processes?

To address these questions, Figure 4 shows the query corre-
sponding it. In the first query row (f0) we restrict our analysis to
complete process executions. We do this by retaining only the cases
that start with “Permit SUBMITTED by EMPLOYEE” and end with
“Payment Handled”. This ensures that only complete reimburse-
ment process is considered. Next, we group the cases according to
the presence of specific roles, where each group contains the cases
in which a given role participates. Since a case may involve mul-
tiple roles, the same case can belong to more than one group. The
set of role values is stored in variable v1. These two manipula-
tion actions define the first collection of eight DFGs (f0), which
uses the activity attribute for nodes and absolute frequency as met-
ric for both nodes and edges. Then, we use the selection panel to
define “Identify rework” as the pattern function and search for the
top-3 roles involved in process variants with the highest amount
of rework in their associated DFGs. The system iterates over the
role values (v0) and computes the rework function for each DFG.
The resulting DFGs allow analysts to identify “Director”, “Pre-
approver” and “Missing” which are the roles most frequently in-
volved in cases with repeated steps.

To better understand the behavior of these roles, we define a sec-
ond query row (f1) using the same data manipulation actions as in
f0, but using mean cycle time as the metric for nodes and edges.
We aim to determine if cases with higher rework are associated
with longer executions between activities. This helps us determine

if rework correlates with slower reimbursement processes. In this
case, we use the pattern function “Identify activities by duration”
to search and retrieve the top-3 DFGs with the longest transitions
between activities. The system iterates over the role values (v4)
to search for those that meet this condition. Finally, v5 stores the
three role values whose associated DFGs contain the longest tran-
sitions between activities: “Budget owner”, “Pre-approver” and
“Missing”. These results provide additional insight into the reim-
bursement process. The first query row identifies roles involved in
process variants with high rework, while the second highlights roles
associated with longer transitions between activities. The roles Pre-
approver” and Missing” appear in both analyses, suggesting a re-
lation with higher rework and execution times.

7. Conclusions

In this paper, we present an interactive query tool integrating
LoVizQL to support the systematic exploration and comparison
of multiple collections of process models. Our approach enables
analysts to incrementally construct, store, and reuse results across
exploration steps, facilitating interactive analysis workflows over
multiple collections of DFGs. Since queries are generated through
interaction, the tool simplifies query specification while still pre-
serving the expressive capabilities of LoVizQL, following recent
interaction-driven approaches for exploratory analysis [LLS∗19].
However, our approach has some limitations. The expressiveness
of the analysis is limited by the available pattern functions, and re-
liance on visual inspection may hinder scalability when handling
large collections or complex DFGs.

As future work, we plan to extend the set of pattern functions
to support more advanced forms of analysis, such as the identifica-
tion of frequent activity sequences, representative behaviors across
collections, and the detection of outliers. Additionally, we aim to
explore how visual analytics techniques can facilitate these tasks
by integrating automated pattern detection with interactive explo-
ration. Finally, we plan to incorporate graph pattern search mecha-
nisms to support more expressive comparisons.
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