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Abstract. Workarounds are goal-driven adaptations of business pro-
cesses that employees implement to overcome perceived constraints at
work. The SWORD framework provides a method for the semi-automated
detection of workaround candidates in business process event logs. How-
ever, applying SWORD remains resource-intensive and assumes that
event logs are sufficiently prepared and comparatively stable. This limits
its applicability in dynamic process environments, where concept drift
may cause a single event log to contain behavior from multiple process
versions. In this paper, we develop and evaluate a code-agent-based ex-
tension of SWORD that operationalizes workaround candidate-detection
patterns as executable analytics code and applies them under concept
drift. Following a Design Science Research approach, we design an IT
artifact that first identifies structural process changes, segments event
logs into comparatively stable behavioral phases, and then generates and
executes SWORD-based detector functions on both complete logs and
phase-specific subsets. The artifact is demonstrated using the publicly
available BPIC2017 and BPIC2018 event logs. Our contribution is three-
fold. First, we provide a repeatable workflow for translating SWORD pat-
terns into executable detector logic using a large language model-based
code agent. Second, we extend SWORD with concept-drift-aware prepro-
cessing, enabling the comparison of global and phase-specific workaround
candidates. Third, we evaluate the artifact’s feasibility and limitations,
including its ability to recognize patterns that require additional domain
knowledge.
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1 Introduction

Organizations increasingly execute their business processes under dynamic con-
ditions. Technological change, volatile market environments, and changing cus-
tomer expectations can lead to substantial shifts in process execution [1]. In such
settings, employees may develop workarounds to cope with mismatches between
prescribed processes and actual work practices. Some of these workarounds may
be reflected in event logs recorded by information systems, creating a need for
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methods that can analyze workaround behavior under changing process condi-
tions [3].

Process mining provides established techniques for discovering and analyzing
process behavior from event logs. In the context of workaround analysis, the
[S]emi-automated [WORJ]karound [Dletection (SWORD) framework offers a set
of patterns for identifying potential workarounds from different perspectives [18].
However, applying SWORD still requires event logs that are sufficiently prepared
and suitable for the respective detection patterns [11].

This requirement becomes particularly challenging in dynamic process envi-
ronments. In process mining, changes in the underlying process during analysis
are referred to as concept drift. As a result, a single event log may contain
behavior from multiple process versions, which can make aggregated log-level
analysis misleading [6]. Existing SWORD-based approaches provide only lim-
ited guidance on how to apply workaround-detection patterns when the process
itself changes over time.

Prior work shows that LLM-based agents can generate and execute analysis
code, structure multi-stage workflows, and support process-mining tasks such as
event-log preparation, metric computation, and artifact generation [8,2,15].

However, the current literature lacks a systematic approach that combines
workaround detection with the analysis of event logs affected by concept drift.
Specifically, there is a gap regarding how SWORD patterns can be applied when
processes change fundamentally over time and when event logs contain behavior
from multiple process versions. Against this background, this study addresses
the following research question:

How can a code-agent-based approach operationalize SWORD patterns as ex-
ecutable and inspectable workaround-candidate detectors for event logs affected
by concept drift?

To answer this question, we follow a Design Science Research (DSR)) approach
and develop a code-agent-based SWORD extension that applies generated detec-
tor functions to both complete event logs and drift-aware phase-specific subsets.
The artifact is demonstrated and evaluated using the publicly available Business
Process Intelligence Challenge 2017 (BPIC2017) and 2018 (BPIC2018) event
logs [16,17], which have previously been used to study concept drift in event logs
[10,12,7].

The primary contribution of this study is a method-oriented, technical IT ar-
tifact that extends SWORD toward concept-drift-aware event-log analysis. The
artifact combines drift-aware phase segmentation with LLM-based code gener-
ation for SWORD pattern operationalization. Conceptually, the study extends
the scope of SWORD’s application from prepared, comparatively stable event
logs to logs that capture behavior across multiple process versions. Empirically,
it demonstrates the feasibility and limitations of this approach using two publicly
available BPI Challenge event logs. The contribution is an integrated, inspectable
artifact that makes SWORD patterns executable under concept drift.
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2 Related Work

Workarounds in business processes help individuals in organizations maintain
efficiency, effectiveness, or achieve other important goals despite challenges such
as unexpected issues, rigid processes, or conflicting expectations [3]. Depending
on their anticipated or realized consequences at the individual, process and orga-
nizational levels, workarounds can elicit diverse responses from participants and
managers, which range from adoption to prevention or process redesign [4]. Réder
et al. [14] show that workarounds can undermine organizational standardization
and are often associated with performance losses because they bypass formal-
ized, optimized workflows. At the same time, some deviations may be motivated
by the intention to improve speed, flexibility, or the completion of local tasks.
This ambivalent role of workarounds highlights that deviations can increase lo-
cal productivity while also creating inefficiencies, hidden costs, or mismatches
elsewhere in the organization. If such interactions between workarounds and pro-
cess mismatches are not adequately managed, organizations risk an increasing
divergence between prescribed processes, actual work practices, and the data
recorded in information systems. Such divergence can reduce the business value
of process mining, which depends on event data that accurately reflects process
execution [3].

To find and analyze deviations and the associated workarounds, there is the
process mining method called SWORD framework which can be employed to
analyze data mismatches, anomalies, and quality issues in event logs to identify
potential workarounds [19]. It consists of 22 patterns classified into four deviation
dimensions: control-flow, data, recorded resource, and recorded timestamps. To-
gether, the patterns help identify departures from the prescribed to-be processes,
including unintended activities, values that fall outside their usual boundaries, or
activities performed by unexpected resources. A concrete example is the control-
flow pattern “occurrence of directly repeating activity,” which detects when an
activity is recorded twice in immediate succession within the same trace. For
instance, the trace (A, B, B, C) matches this pattern because activity B is di-
rectly repeated. One other example is the SWORD pattern Activity frequency
out of bounds. The pattern examines how often an activity occurs within each
process case and identifies cases where this frequency falls outside an expected
range. For instance, if the activity Request additional documents normally oc-
curs once but is repeated six times in one loan application, the corresponding
case may be reported as a potential workaround candidate. Operationalizing the
pattern requires at least a case identifier and an activity attribute, as well as
a domain-defined or empirically derived reference range. The resulting finding
indicates an unusual execution pattern but does not, by itself, establish that a
workaround occurred, as this interpretation still requires contextual or domain
validation. Lohr et al. [11] propose context-based pattern selection, cross-case
patterns, and directed acyclic graphs for impact estimation, but still conclude
that the method remains resource-intensive and requires extensive preparation.

LLM-based agents can support analytical workflows by decomposing tasks,
generating executable code, and interacting with external tools [20]. In process
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mining, prior work discusses LLM applications such as process description, mod-
eling, anomaly detection, root-cause analysis, and process improvement, distin-
guishing code generation as one central implementation paradigm [5]. Related
studies further show that LLMs can generate SQL queries and support event-
log extraction, thereby reducing the effort required to prepare process data for
analysis [9,15]. Our work follows this code-generation paradigm by using a code-
agent-based approach to generate and execute SWORD detector logic for event
logs affected by concept drift.

Taken together, prior work shows that LLMs and agents can support process-
mining tasks through code generation, SQL query synthesis, and event-log prepa-
ration. Yet, existing approaches do not systematically connect these capabilities
with established workaround-detection frameworks such as SWORD. In partic-
ular, there is limited guidance on how to operationalize SWORD patterns as
executable analytics code in a repeatable way, especially for event logs affected
by concept drift.

3 Agentic SWORD Analysis under Concept Drift

The SWORD framework was originally developed for semi-automated workaround
detection and has since been applied and extended in different organizational
contexts [18,19,11]. Although SWORD provides a structured set of workaround-
detection patterns, applying these patterns to a concrete event log still requires
substantial preparatory and analytical effort [18,11]. An analyst must first un-
derstand the event-log schema and map its fields to the information required by
each pattern. The analyst must then assess whether additional domain informa-
tion, such as a process model, is available and translate the pattern definition
into corresponding queries or analysis code. Because this procedure must be re-
peated and validated for each applicable pattern and adapted to different event-
log schemas, the main difficulty lies not in executing an existing detector, but
in repeatedly translating abstract pattern definitions into log-specific executable
logic.

This operationalization challenge becomes more pronounced in the presence
of concept drift, as a single event log may contain behavior generated by dif-
ferent process versions [6,1]. To address these challenges, we develop a code-
agent-based extension of SWORD that generates executable analytics code for
selected SWORD patterns and supports their application to event logs affected
by concept drift.

LLMs are used in our artifact to support these steps. They can jointly inter-
pret textual pattern definitions and a compact representation of the event-log
schema and generate pattern-specific executable code without requiring a man-
ually implemented detector for every pattern-log combination. Therefore, the
study examines whether LLM-based code generation can support the repeated
operationalization of SWORD patterns while preserving inspectable detector
logic.
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Following a DSR approach, the artifact is developed to address the need
for repeatable and transparent analytical procedures in workaround detection
[13]. We conceptualized and implemented an LLM-based agent that translates
SWORD pattern definitions into executable detector logic.

To address evolving process behavior, the pipeline applies an LLM-assisted
concept-drift analysis to the time-ordered event log, as illustrated in Fig. 1. The
log is partitioned into consecutive fixed-size case windows, for which the system
computes behavioral summaries covering control-flow, resource, collaboration,
and temporal features. Comparing adjacent windows preserves temporal order
and reveals changes that would be obscured in a full-log aggregation [6,1]. The
LLM uses these summaries to propose candidate change points and segment
the log into comparatively stable behavioral phases. The LLM then compares
adjacent window summaries and identifies structural change points. Based on
these change points, the log is segmented into comparatively stable behavioral
phases. The generated SWORD detectors are subsequently executed on both the
complete log and each phase-specific subset, enabling comparison of global and
phase-specific workaround candidates. Windowing is used only to identify behav-
ioral changes; the additional full-log execution preserves candidates whose rele-
vant behavior may extend across phase boundaries. The artifact is demonstrated

Layer 1: Event log over time

w1 w2 w3 w4 W5
Layer 2: Drift analysis
Summary W1 Summary W2 Summary W3 Summary W4 Summary W5
N / /N N /,/ Complete log
N/ N/ ./ N/ SWORD run
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‘ ." Global and phase-specific workaround \‘< ‘

candidates

Fig. 1. Concept-Drift-Aware SWORD Agent Pipeline.

on BPIC2017, containing 1,202,267 events across 31,509 loan applications, and
BPIC2018, containing 2,514,266 events across 43,809 grant applications [16,17].
Both logs cover processes known to exhibit temporal behavioral changes.
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4 SWORD Builds Itself: Operationalizing SWORD with
a Code Agent

Figure 2 shows how the agent generates, executes, and stores SWORD detector
functions.
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Fig. 2. Workflow of the LLM-based SWORD pattern detection agent.

The artifact’s implementation is available in an open-source repository.!
The code agent receives an event log, selected SWORD patterns, and config-
uration metadata as input. Since the complete log cannot be passed to the
LLM, the agent first creates a compact log profile containing column names,
inferred metadata, and representative samples. For each SWORD pattern, the
LLM is prompted to generate exactly one Python function, run _detector(df),
which receives a pandas DataFrame and returns structured pattern-specific find-
ings. The generated code normalizes common event-log attributes to a canonical
schema and is restricted to local execution using pandas, NumPy, PM4Py, and
the Python standard library.

The reported runs used the model identifier gpt-5.5. The temperature param-
eter is not explicitly set; provider defaults therefore apply. The runtime prompts
are embedded directly in the implementation and consist of two prompt pairs:
one for LL.M-assisted concept-drift detection and one for SWORD detector gen-
eration. The implementation records LLM, parsing, and execution failures with-
out retrying failed requests. Generated code is instructed to avoid network access
and libraries beyond pandas, NumPy, PM4Py, and the Python standard library,
but these restrictions are not enforced through an import allowlist or isolated
sandbox. Code, configurations, execution logs, change points, and findings are
stored for auditability.

! https://github.com/mjohann99/SWORD_LLM.git
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If a pattern cannot be operationalized from the event log alone, the gener-
ated function must return an explicit information requirement instead of infer-
ring missing domain knowledge. Otherwise, the function may derive data-driven
thresholds from the observed log behavior. The agent executes each detector on
the complete log or the identified phases.

In our implementation, several SWORD patterns are operationalized through
explicit empirical decision rules rather than generic anomaly labels. For instance,
the detector for Activity frequency out of bounds computes activity-specific fre-
quencies at the case level and derives Tukey fences from the observed distribution
using 1, @3, the interquartile range IQR, and the bounds Q1 — 1.5 x IQR and
Q3+ 1.5 x IQR. The detector for Time between activities out of bounds applies
the same logic to directly-follows transition durations and computes pair-specific
lower and upper bounds in seconds. Similarly, Duration of trace out of bounds
applies empirical Tukey fences to trace durations. Since detectors are executed
separately for each analysis scope, thresholds are scope-specific: phase-level ex-
ecutions produce phase-specific thresholds, whereas full-log executions produce
global thresholds.

5 Demonstration and Evaluation on BPIC Event Logs

This section evaluates the artifact on the BPIC2017 and BPIC2018 benchmark
logs. The evaluation focuses on phase-aware drift segmentation, the plausibility
of the detected drifts, the execution of the SWORD pattern catalog, and the
agent’s ability to recognize patterns that require missing domain knowledge.
Since the benchmark logs do not contain ground-truth labels for workarounds,
the resulting findings are interpreted as potential workaround candidates rather
than verified workarounds.

5.1 Concept-Drift-Aware Phase Segmentation

To identify periods of behavioral change, both benchmark logs were analyzed
chronologically using consecutive case windows and LLM-assisted change-point
detection. Each detected phase represents a behaviorally distinct analysis scope
described by its time span, number of cases, and number of events. As shown
in Table 1, the drift analysis identified seven phases for BPIC2017 and eight
phases for BPIC2018. The BPIC2017 phases reflect changes within the loan-
application process, while the BPIC2018 phases follow the yearly structure of
grant-application handling. Since cases may span longer periods, phase time
spans can overlap. The phases should therefore be interpreted as case-window-
based behavioral regimes rather than strictly disjoint calendar intervals.

5.2 Plausibility of the Detected Concept Drifts

To assess the plausibility of the detected concept drifts, we compare the identi-
fied phase structures with prior drift analyses of the same benchmark logs. This
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Table 1. Temporal phases identified in the BPIC2017 and BPIC2018 event logs.

Log Phase Cases Events Time span
BPIC2017 O 14000 547647 2016-01-01-2017-01-05

BPIC2017 1 5000 185873 2016-06-28-2016-12-20
BPIC2017 2 2000 73928 2016-08-17-2017-01-16
BPIC2017 3 2000 72163 2016-09-06-2017-01-26
BPIC2017 4 500 19207 2016-09-26-2016-11-28
BPIC2017 5 4500 168349 2016-10-01-2017-02-01
BPIC2017 6 3509 135100 2016-11-17-2017-02-01
BPIC2018 0 10458 621483 2014-05-04-2018-01-19
BPIC2018 1 3507 224255 2015-05-11-2018-01-19
BPIC2018 2 1024 64008 2015-05-15-2018-01-19
BPIC2018 3 13377 696407 2016-04-06-2018-01-19
BPIC2018 4 1062 63367 2016-05-17-2018-01-19
BPIC2018 5 13407 778577 2017-04-03-2018-01-19
BPIC2018 6 430 25210 2017-05-13-2018-01-18
BPIC2018 7 544 40959 2017-05-15-2018-01-19

comparison is not intended as a strict ground-truth validation, since the studies
differ in feature representations, windowing strategies, and change-point detec-
tion procedures. Instead, it serves as an orientation point for evaluating whether
the LLM-assisted drift analysis identifies changes in similar temporal regions.
For BPIC2017, prior work reports process-level change points around days
196-200 and 327-330 [10]. Although our analysis does not reproduce these points
exactly, Table 1 shows comparable mid-year and late-year changes, particularly
the transition from phase 0 to later phases and the start of phase 6 in November
2016. For BPIC2018, prior work reports two major drift points at the beginning
of new yearly application periods: a stronger drift between the first and second
year and a weaker drift between the second and third year [12]. The phases
in Table 1 similarly cluster around the 2014/2015, 2016, and 2017 application
periods, supporting the interpretation that BPIC2018 contains multiple process
versions rather than one stable process. Compared with prior studies that iden-
tify a few prominent change points, the seven BPIC2017 and eight BPIC2018
phases provide more fine-grained candidate behavioral regimes. This granularity
creates additional local analysis scopes to determine whether SWORD candi-
dates are globally unusual or specific to particular periods, although the phases
should not be interpreted as objectively validated versions of the process.

5.3 Execution of Event-log-Applicable SWORD Patterns

Across the two benchmark logs, the agent returned candidate findings for 19 of
the 26 event-log-applicable pattern-log combinations (26 = 13 applicable pat-
terns, times two for both BPI challenges). Coverage was strongest for control-
flow, frequency, resource-sharing, and time-related patterns because these can
largely be operationalized using standard event-log attributes. In contrast, lower-
coverage patterns more often require normative or domain-specific information
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Table 2. Applicable SWORD patterns across BPIC2017 and BPIC2018.

SWORD pattern BPIC2017 BPIC2018
2. Occurrence of recurrent activity sequence v
3. Activity frequency out of bounds
7. Occurrence of directly repeating activity
10. Change in value between events
12. Activity executed by unauthorized resource
13. Activities executed by multiple resources
14. Activities executed by a single resource
17. Occurrence of activity outside of time period
18. Delay between start of trace and activity is out of bounds
19. Time between activities out of bounds
20. Duration of activity out of bounds
21. Duration of trace out of bounds
22. Delay between event and logging is out of bounds
v': pattern compiled and returned candidate findings; X: pattern compiled and
executed, but returned no candidate findings; @: agent returned an information
requirement instead of candidate findings.

R N N N N R N
SASANAX ASX AN

that is not directly observable in the benchmark logs. In contrast, several pat-
terns with lower coverage require normative or domain-specific information that
is not directly observable in the benchmark logs, such as required activities.
BPIC2017 produced candidate findings for nearly all applicable patterns, includ-
ing value changes between events, single-resource traces, and activity-duration
deviations. BPIC2018 showed a narrower candidate profile: the corresponding
detectors compiled and executed, but no full-log candidates were returned for
value changes between events or activities executed by a single resource. In addi-
tion, the agent returned information requirements for unauthorized-resource de-
tection, activity-duration detection in BPIC2018, and delay-between-event-and-
logging detection, because these patterns require additional information such as
authorization rules, reliable activity-duration timestamps, or separate logging
timestamps.

5.4 Recognition of Missing Domain Knowledge

We also evaluate whether the agent reports missing information rather than
inferring domain knowledge unavailable in the log.

The results show that the agent correctly recognizes several domain-knowledge
requirements in both benchmark logs. As shown in Table 2, several patterns
consistently return information requirements instead of candidate findings. This
indicates that the agent does not infer missing target activities, process models,
activity sets, or free-text configurations from the event log.

However, the results also reveal limitations for patterns that require domain-
defined reference values. For several empirically bounded patterns, the agent
derives relations or thresholds from observed data rather than reporting miss-
ing domain knowledge. As shown in Table 3, this occurs for unusual neighbor-
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Table 3. Recognition of missing domain knowledge for selected SWORD patterns.

SWORD pattern 17 18 Interpretation

Occurrence of an activity 0 @ Requires target activity
Occurrence of activities in an order () () Requires process model
different from process model

Occurrence of mutually exclusive ac- ) () Requires mutually exclusive sets

tivities

Occurrence of unusual neighboring x X Agent derives empirical relations
activities

Missing occurrence of activity ¢ @ Requires required activity

Data object with value outside x A Agent derives empirical bound-
boundary aries

Specific information in free-text () () Requires free-text configuration
fields

Activity frequency out of bounds for x x Agent derives resource-
a resource frequency bounds

Value frequency out of bounds for a x x Agent derives value-frequency
resource bounds

17: BPIC2017; 18: BPIC2018. {): missing domain knowledge correctly reported; x:
candidate findings wrongly produced; A: mixed result across scopes.

ing activities, resource-specific frequency bounds, and value-boundary patterns.
These outputs may be useful for exploratory anomaly detection, but they do
not constitute a strict SWORD operationalization when normative relations or
domain-defined bounds are required.

5.5 Discussion

The phase-segmentation results support the initial premise that aggregated anal-
ysis may obscure phase-specific deviations. The artifact therefore enables global
and phase-specific SWORD candidates to be interpreted in their temporal con-
text.

The evaluation on BPIC2017 and BPIC2018 indicates that LLM-based code
generation can operationalize several event-log-applicable SWORD patterns,
particularly control-flow, frequency, resource-sharing, and time-related patterns.
This suggests that code agents can reduce the manual effort required to imple-
ment SWORD detector logic. At the same time, the generated code remains
inspectable, which is essential for transparency, reproducibility, and analyst val-
idation.

The findings must nevertheless be interpreted carefully. The benchmark logs
do not contain ground-truth workaround labels; thus, the detected findings are
potential workaround candidates rather than verified workarounds. Moreover,
several SWORD patterns require domain knowledge beyond the event log, such
as process models, authorization rules, required activities, or domain-defined
thresholds. Although the artifact correctly reports information requirements in
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several cases, it sometimes derives empirical thresholds where normative refer-
ence values would be required. Finally, the detected process phases should be
understood as behaviorally distinct analysis scopes rather than objectively fixed
process versions. Drift-aware SWORD analysis therefore supports, but does not
replace, expert interpretation and organizational validation.

Because the temperature was not configured, the provider default was used,
and sensitivity to alternative settings remains unknown. Higher values could
increase variability in generated code, change points, and workaround candi-
dates, primarily affecting stability and reproducibility. Although each stored run
remains auditable, controlled repeated experiments are required to assess this
effect.

Compared with established drift detectors, the LLM can jointly interpret
heterogeneous behavioral summaries without separately specified detection rules,
but it provides less controlled, reproducible, and statistically calibrated change-
point decisions.

Future work should evaluate the artifact in real organizational settings where
domain experts can validate whether candidate findings correspond to actual
workarounds. Further research should also integrate domain artifacts such as
process models, business rules, role models, authorization matrices, and data dic-
tionaries to support stricter SWORD operationalization. The drift-segmentation
component is modular and could be replaced by or combined with an established
concept-drift detector. This study did not evaluate such configurations because
it focuses on the feasibility of the integrated SWORD workflow rather than
on benchmarking drift-detection methods. Comparative and hybrid evaluations,
therefore, remain future work.
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