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Abstract

Predictive Process Monitoring (PPM) increasingly employs deep learning to
predict future process behavior from historical event logs. However, existing
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approaches remain largely log-centric, learning from system-enacted traces that
represent individual executions rather than the behavioral semantics defined by
the underlying process model. This semantic gap may cause predictive models to
learn execution-specific artifacts instead of process-relevant dependencies. This
paper proposes Model-Semantics-Aware Predictive Process Monitoring (MSA-
PPM), a new paradigm that explicitly integrates model-defined process semantics
into predictive learning. MSA-PPM introduces a Process Semantics Dictionary
(PSD) for representing parallel, exclusive-choice, loop, synchronization, temporal,
resource, organizational, and constraint semantics. Guided by the PSD, conven-
tional event traces are transformed into model-semantics-aware process traces
through semantic preprocessing prior to predictive learning, thereby separating
semantic interpretation from predictive models and architectures.
As an operational validation, we implement the parallel-semantics module of
MSA-PPM. An exact Structured Information Control Net (SICN)-oriented pro-
cess model is discovered using the ρ-Algorithm, and its parallel semantics are
used to identify and eliminate directed phantom edges caused by arbitrary exe-
cution orders among parallel sibling activities. The semantically revised traces
are evaluated for next-activity prediction using LSTM and Transformer mod-
els. Experimental results show absolute accuracy improvements of 5.63 and 4.90
percentage points, respectively, together with improvements in Precision, Recall,
and F1-score. These results demonstrate that explicitly incorporating model-
defined process semantics can improve predictive performance while providing an
architecture-independent semantic foundation for PPM.

Keywords: Predictive process monitoring (PPM); Next process-activity prediction;
Transformer neural network architecture; LSTM neural network architecture; Process
event log datasets; Process mining; Model-semantics-aware process trace preprocessing;
Business process management (BPM)

1 Introduction

Predictive Process Monitoring (PPM) has emerged as an important branch of Business
Process Management (BPM), combining process mining and machine/deep learning
to predict future process behavior from historical event logs [1, 2]. Recent advances in
Long Short-Term Memory (LSTM) networks, Transformers, Graph Neural Networks
(GNNs), attention mechanisms, and hybrid architectures have substantially improved
predictive performance for tasks such as next-activity, remaining-time, outcome, and
risk prediction [3–5]. These capabilities enable proactive process management by
supporting timely intervention, resource planning, and operational decision making.

Despite these advances, existing PPM approaches remain predominantly log-
centric: predictive models learn directly from system-enacted process traces under the
implicit assumption that observed event sequences adequately represent the semantics
of the underlying business process. However, event logs capture individual executions,
whereas process models define the behavioral semantics governing all valid execu-
tions. Consequently, observed activity orders and execution contexts may contain
execution-specific artifacts that do not represent genuine process dependencies.
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This discrepancy reveals a semantic gap between system-enacted process traces
and model-defined process semantics. Process semantics encompass not only sequential
dependencies but also parallelism, exclusive choice, loops, synchronization, tempo-
ral relationships, resources, organizational structures, and business constraints. Such
semantics are generally only partially observable from individual event traces. Learning
directly from these traces may therefore cause predictive models to capture incidental
execution orders rather than the structural dependencies governing process behavior.

To address this limitation, this paper proposes Model-Semantics-Aware Predictive
Process Monitoring (MSA-PPM), a paradigm that explicitly incorporates model-
defined semantics into predictive learning. MSA-PPM introduces a Process Semantics
Dictionary (PSD) as a machine-processable representation of process semantics. The
PSD is designed to accommodate parallel, exclusive-choice, loop, synchronization,
temporal, resource, organizational, and constraint semantics. Guided by this seman-
tic knowledge, conventional event traces are transformed into model-semantics-aware
process traces before predictive learning. This separation of semantic preprocessing
from predictive modeling allows MSA-PPM to operate independently of particular
predictive tasks and neural network architectures.

As an operational realization of MSA-PPM, this paper focuses on parallel seman-
tics. An exact Structured Information Control Net (SICN)-oriented process model is
discovered using the ρ-Algorithm, and its parallel structures are represented in the
PSD. These semantics guide a Phantom-Edge-Aware Semantic Preprocessing method
that identifies and eliminates directed phantom edges caused by arbitrary execution
orders among parallel sibling activities while preserving genuine process dependencies.
The resulting semantically revised traces are evaluated for next-activity prediction
using representative LSTM- and Transformer-based PPM models.

The main contributions of this paper are summarized as follows:
• We propose MSA-PPM, which integrates model-defined process semantics into
predictive learning through semantic preprocessing of system-enacted event
traces.

• We introduce the Process Semantics Dictionary (PSD), a modular representa-
tion for organizing model-defined semantics as reusable knowledge for predictive
process monitoring.

• We develop a Phantom-Edge-Aware Semantic Preprocessing method as the
parallel-semantics realization of MSA-PPM, transforming conventional event
traces into model-semantics-aware traces without modifying the underlying
predictive architectures.

• We validate the approach through next-activity prediction experiments with
LSTM and Transformer models, demonstrating consistent performance improve-
ments from incorporating model-defined parallel semantics.

The remainder of this paper is organized as follows. Section 2 reviews related work.
Section 3 presents the MSA-PPM paradigm and the Process Semantics Dictionary.
Section 4 describes the parallel-semantics realization and its experimental evaluation
for next-activity prediction. Finally, Section 5 concludes the paper and outlines future
research directions.
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2 Related Work and Research Gap

This section reviews related work from three perspectives: deep-learning-based pre-
dictive process monitoring, process semantics and model-aware prediction, and
the research gap motivating Model-Semantics-Aware Predictive Process Monitoring
(MSA-PPM).

2.1 Deep-Learning-Based Predictive Process Monitoring

Predictive Process Monitoring (PPM) predicts the future behavior of ongoing process
instances from historical event logs [5, 6]. Representative tasks include next-activity
prediction [7], remaining-time prediction [3], outcome prediction [8, 9], anomaly pre-
diction [10], and future-sequence prediction [2, 11]. Most approaches construct training
samples by decomposing event traces into prefixes and encoding activity labels,
timestamps, resources, and other attributes as numerical features.

Deep learning has substantially advanced this field. LSTM-based models have been
widely employed to learn temporal dependencies from variable-length process traces [2,
3, 12], while Transformer-based models exploit self-attention to capture longer-range
dependencies [1, 4, 13]. Recent studies have further investigated attention mechanisms,
graph neural networks, explainable models, and hybrid architectures [14–17].

Despite these advances, most PPM approaches remain log-centric: predictive inputs
are constructed directly from observed event sequences. Improvements therefore pri-
marily concern encoding methods and learning architectures, while the observed
ordering of events is generally assumed to represent valid process dependencies.
This assumption can be problematic because an event trace represents a particular
execution rather than the complete behavioral semantics of the underlying process
model.

2.2 Process Semantics and Model-Aware Predictive Learning

Business process models explicitly represent behavioral relationships that cannot
always be inferred from individual traces, including sequential, parallel, exclusive-
choice, loop, and synchronization structures, together with temporal, resource,
organizational, and business constraints. Process mining provides techniques for dis-
covering such structures from event logs through algorithms such as the α-Algorithm
[18], Heuristic Miner [19], Inductive Miner [20], and ρ-Algorithm [21, 22]. In partic-
ular, the ρ-Algorithm discovers Structured Information Control Net (SICN)-oriented
process models composed of sequential, disjunctive, conjunctive, and iterative process
patterns [22, 23].

Previous studies have also attempted to incorporate process and semantic knowl-
edge into predictive learning. Representative approaches enrich event prefixes with
contextual attributes, exploit process-model states or conformance information,
employ graph-structured representations, or incorporate semantic and domain knowl-
edge [14, 15, 24–26]. Such studies demonstrate that information beyond raw activity
sequences can improve predictive performance and interpretability.
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However, these approaches typically augment predictive inputs with additional
features or incorporate model knowledge into a particular predictive architecture. Con-
sequently, the original sequential representation of an event trace generally remains
unchanged. Semantic enrichment therefore does not necessarily eliminate relationships
that are present in an observed trace but inconsistent with the underlying process
semantics. For example, parallel sibling activities may appear in different execution
orders, causing a sequential representation to encode arbitrary interleavings as directed
dependencies even though no such causal relationships exist in the process model.

2.3 Research Gap and Positioning of MSA-PPM

The literature therefore reveals a gap between system-enacted process traces and
model-defined process semantics. Process mining can discover structural and behav-
ioral knowledge, whereas PPM predominantly learns from observed execution
sequences. Existing semantic or model-aware approaches provide valuable contextual
information but do not generally establish an architecture-independent semantic layer
for systematically transforming predictive traces according to model-defined seman-
tics. MSA-PPM addresses this gap by treating process semantics as explicit knowledge
applied before predictive learning. It introduces a Process Semantics Dictionary (PSD)
as a modular representation of model-defined semantics and uses this knowledge to
transform conventional event traces into model-semantics-aware process traces. The
intended PSD encompasses parallel, exclusive-choice, loop, synchronization, temporal,
resource, organizational, and constraint semantics, while remaining independent of a
particular predictive task or learning architecture.

This study operationalizes and evaluates the parallel-semantics component of this
broader paradigm. An SICN-oriented process model discovered by the ρ-Algorithm
provides the parallel sibling relationships stored in the PSD. These relationships guide
Phantom-Edge-Aware Semantic Preprocessing, which eliminates directed phantom
edges caused by arbitrary ordering among parallel sibling activities while preserving
model-defined dependencies [22, 27]. The resulting traces are evaluated for next-
activity prediction using LSTM and Transformer models without modifying their
internal architectures. Thus, the contribution evaluated in this paper is specifically
the parallel-semantics realization of MSA-PPM, while the remaining PSD semantic
categories define directions for extending the proposed paradigm.

3 Model-Semantics-Aware Process Trace
Preprocessing

The computational core of MSA-PPM is Model-Semantics-Aware Process Trace Pre-
processing (MSA-PTP), which introduces model-defined semantics between process
discovery and predictive learning. Conventional PPM directly maps system-enacted
traces to predictive vectors. In contrast, MSA-PTP first interprets and transforms
those traces according to semantic knowledge extracted from the corresponding process
model. The resulting model-semantics-aware process traces are subsequently processed
by conventional prefix construction and numerical encoding.
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Fig. 1 illustrates this principle. The framework consists of four stages: (1) detection
of semantic constructs from the process model, (2) representation of their semantics
in a Process Semantics Dictionary (PSD), (3) PSD-guided transformation of system-
enacted traces, and (4) conventional predictive encoding. Thus,

L
D
−→ M

E
−→ PSD

T
−→ L̂

P
−→ X,

where L is the event log, D denotes process discovery, M is the discovered pro-
cess model, E extracts model-defined semantics, T transforms the traces according to
the PSD, and P performs conventional prefix generation and numerical encoding to
produce predictive inputs X.

3.1 Semantic Construct Detection

Let an event log be
L = {σ1, σ2, . . . , σN},

where each system-enacted trace is an ordered event sequence

σi = ⟨a1, a2, . . . , a|σi|⟩.

The observed ordering in σi reflects a particular execution but does not necessar-
ily imply a model-defined causal relation between every pair of consecutively observed
activities. MSA-PTP therefore first discovers or obtains a process model M and
extracts semantic constructs from it before constructing predictive prefixes.

We define semantic extraction as

E(M) = {Epar(M), Exor(M), Eloop(M), Esync(M), Etemp(M), Eres(M), Eorg(M), Econst(M)}.

These operators respectively identify parallel, exclusive-choice, loop, synchroniza-
tion, temporal, resource, organizational, and constraint semantics. The architecture
is therefore extensible: additional semantic detectors can be incorporated without
changing the subsequent predictive model.

In the implementation evaluated in this paper, M is a Structured Informa-
tion Control Net (SICN)-oriented process model discovered using the ρ-Algorithm
[22, 23]. Its structured sequential, disjunctive, conjunctive, and iterative constructs
provide explicit control-flow relations from which the corresponding semantic knowl-
edge can be extracted. In particular, conjunctive constructs provide the parallel sibling
relationships required by the parallel-semantics realization developed in Section ??.

3.2 Process Semantics Dictionary

The Process Semantics Dictionary (PSD) provides the intermediate knowledge repre-
sentation connecting model semantics with trace preprocessing. Rather than embed-
ding semantic knowledge directly into a particular neural architecture, MSA-PTP
externalizes it as reusable semantic entries.

The PSD is defined conceptually as
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Fig. 1 Conceptual pipeline of Model-Semantics-Aware Process Trace Preprocessing (MSA-PTP).

PSD = PSDpar∪PSDxor∪PSDloop∪PSDsync∪PSDtemp∪PSDres∪PSDorg∪PSDconst,

where each component stores one category of model-defined semantics.
A semantic entry is represented generically as

ek = ⟨SIDk, TY PEk, Ak, Rk, Ck⟩,

where SIDk is a unique semantic identifier, TY PEk specifies the semantic cat-
egory, Ak denotes the participating activity set, Rk represents the corresponding
behavioral relationships, and Ck optionally contains semantic conditions or contextual
constraints.

For example, a parallel-semantic entry can be represented as

epark = ⟨PIDk, PAR, SAk, R
par
k ⟩,

where PIDk is a parallel identifier and SAk is the set of sibling activities belonging
to the same parallel construct. Analogously, loop and exclusive-choice constructs may
be represented by identifiers such as LIDk and CIDk, as conceptually illustrated in
Fig. 1.

This identifier-based representation is important because it converts structural pro-
cess knowledge into machine-processable semantic knowledge that can be referenced
during trace transformation. The PSD therefore functions as an explicit interface
between process-model interpretation and predictive-data preparation rather than as
an additional feature set tied to a specific learning architecture.
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3.3 PSD-Guided Semantic Trace Transformation

The central operation of MSA-PTP is the transformation of a system-enacted trace
into a model-semantics-aware trace. Let

σ = ⟨a1, a2, . . . , an⟩

denote an observed trace. Its semantic transformation is defined as

σ̂ = TPSD(σ),

with

TPSD : Σ∗ → Σ̂∗,

where Σ∗ and Σ̂∗ denote the spaces of conventional and model-semantics-aware
traces, respectively.

More generally, the transformation can be expressed as the composition of semantic
operators:

TPSD = Tconst ◦ Torg ◦ Tres ◦ Ttemp ◦ Tsync ◦ Tloop ◦ Txor ◦ Tpar.

Each operator interprets a trace according to one semantic category repre-
sented in the PSD. Depending on the semantics involved, an operator may remove
artificial dependencies, identify semantically equivalent executions, preserve itera-
tion or synchronization boundaries, incorporate contextual relationships, or enforce
model-defined constraints.

This formulation establishes an important distinction between conventional and
model-semantics-aware preprocessing:

σ
P
−→ X⏞ ⏟⏟ ⏞

Conventional PPM

=⇒ σ
TPSD−−−−→ σ̂

P
−→ X̂⏞ ⏟⏟ ⏞

MSA-PPM

.

Thus, MSA-PPM changes the semantic content of the predictive input before
numerical encoding rather than requiring modification of the predictive architecture
itself.

3.4 Operational Realization through Parallel Semantics

The complete PSD defines an extensible semantic framework; however, this study oper-
ationalizes and experimentally evaluates its parallel-semantics component. Accord-
ingly, the transformation used in the present experiments is

σ̂ = Tpar(σ, PSDpar).

Let

SAk = {ak1, ak2, . . . , akm}

denote the sibling-activity set associated with a parallel identifier PIDk. Activities
in SAk belong to the same model-defined parallel construct and therefore need not
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possess causal precedence merely because they appear consecutively in a particular
execution trace.

For two activities ai, aj ∈ SAk, an observed directly-following relation

ai >σ aj
does not, by itself, imply

ai →M aj ,

where →M denotes model-defined causal precedence. When

ai >σ aj ∧ ai ∥M aj ,

the directed relation appearing in the sequential trace is treated as a phantom edge:
an execution-order artifact that is present in the system-enacted trace but absent from
the model-defined causal structure.

The parallel-semantic transformation therefore uses PSDpar to identify sibling
activities, eliminate their artificial directed dependencies, and represent their shared
parallel semantics through the corresponding PIDk, as illustrated in Fig. 1. This
produces a model-semantics-aware trace in which arbitrary parallel interleavings no
longer impose false sequential dependencies on predictive learning.

After semantic transformation, conventional preprocessing remains unchanged:

σ̂ → prefixes → word2index → zero-padding → X̂.

Consequently, the same semantically revised predictive inputs can be supplied
to different learning architectures. This study evaluates this property using LSTM-
and Transformer-based next-activity prediction models. The detailed construction
of PSDpar and the corresponding Phantom-Edge-Aware Semantic Preprocessing
algorithm are presented in the following section.

4 Next-Activity Prediction: A Case Study of the
Proposed MSA-PPM Paradigm

The proposed Model-Semantics-Aware Predictive Process Monitoring (MSA-PPM)
paradigm is designed as a general semantic preprocessing framework applicable to
different predictive tasks and learning architectures. To demonstrate its operational
effectiveness, this study considers next-activity prediction as a representative PPM
task, where the prediction of an immediate successor activity is particularly sensitive
to the behavioral relationships encoded in process traces. Specifically, the parallel-
semantics realization of MSA-PPM developed in the previous section is integrated
into a conventional next-activity prediction pipeline. Model-defined parallel semantics
are used to transform system-enacted traces into model-semantics-aware traces before
prefix construction and numerical encoding. The resulting predictive inputs are then
supplied to representative LSTM- and Transformer-based models without modifying
their original learning architectures.

The objective of this case study is therefore not to introduce a new predic-
tive architecture, but to evaluate whether semantic preprocessing itself can improve
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next-activity prediction. By comparing conventional log-centric preprocessing with
the proposed model-semantics-aware preprocessing under otherwise equivalent predic-
tive settings, the experiments isolate the performance contribution of model-defined
parallel semantics.

4.1 Preprocessing for Next-Activity Prediction

This case study operationalizes the parallel-semantics component of MSA-PPM for
next-activity prediction. The objective is to determine whether model-defined parallel
semantics can improve predictive inputs without modifying the underlying learning
architecture. To isolate this effect, the same LSTM- and Transformer-based prediction
models are trained using conventional and model-semantics-aware inputs, respectively.

The proposed realization consists of three steps: (1) detection of parallel pro-
cess constructs and their sibling-activity sets, (2) identification of directed phantom
edges and construction of the parallel-semantics PSD, and (3) generation of Model-
Semantics-Aware Prefix (MSAP) vectors for predictive learning.

4.1.1 Parallel Process Construct Detection

The first step extracts model-defined parallel semantics from the discovered process
model. Let

M = (A,G, F )

denote the SICN-oriented process model discovered by the ρ-Algorithm, where
A is the set of activities, G the set of routing gateways, and F the set of model-
defined control-flow relations. The ρ-Algorithm identifies structured process patterns,
including conjunctive constructs representing parallel execution.

For each discovered conjunctive construct, a sibling-activity set is defined as

SAk = {ak1, ak2, . . . , akm},

where all activities in SAk belong to the same parallel block. Because sibling
activities are concurrently enabled within the corresponding construct, their observed
ordering in an individual trace does not, by itself, constitute a causal dependency.

Fig. 2 illustrates this distinction between an observed sequential relation and
model-defined parallel semantics. The discovered sibling-activity sets provide the
semantic knowledge required to determine whether an adjacency observed in an event
trace represents a genuine model-defined dependency or an execution-order artifact.

4.1.2 Directed Phantom-Edge Identification

Let

σ = ⟨a1, a2, . . . , an⟩

be a system-enacted process trace, and let ai ≻σ aj denote that aj directly follows
ai in σ. Conventional sequence-based preprocessing preserves this observed ordering
and may therefore present it to a predictive model as a sequential dependency.
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Fig. 2 Directed phantom edges induced by arbitrary execution orders among parallel sibling activ-
ities.

For parallel sibling activities, however, such an ordering may be incidental. A
directed relation (ai, aj) is defined as a phantom edge when

ai ≻σ aj , ∃SAk : ai, aj ∈ SAk, (ai, aj) /∈ F.

Thus, the relation is observed in the system-enacted trace but is not a genuine
causal relation in the discovered process model.

Accordingly, the set of directed phantom edges is

PE = {(ai, aj) | ai ≻σ aj , ∃SAk : {ai, aj} ⊆ SAk, (ai, aj) /∈ F} .

Algorithm 1 identifies these relations by examining adjacent activity pairs in each
trace and testing their membership in the discovered sibling-activity sets.

Algorithm 1 Directed Phantom-Edge Identification
Require: Event log L = {σ1, . . . , σN}
Require: Model-defined control-flow relations F
Require: Sibling-activity sets SA = {SA1, . . . , SAr}
Ensure: Directed phantom-edge set PE
1: PE ← ∅
2: for each trace σ ∈ L do
3: for each adjacent pair (ai, ai+1) in σ do
4: if ∃SAk ∈ SA such that ai, ai+1 ∈ SAk then

5: if (ai, ai+1) /∈ F then

6: PE ← PE ∪ {(ai, ai+1)}
7: end if
8: end if
9: end for
10: end for
11: return PE

This identification provides the explicit connection between the system-enacted
trace and its model-defined interpretation: observed adjacency is preserved only when
it represents a genuine model-defined dependency; otherwise, its artificial directional
meaning is removed through the semantic abstraction described below.
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4.1.3 Parallel-Semantics Dictionary and Trace Transformation

The discovered sibling-activity sets are represented in the parallel-semantics com-
ponent of the Process Semantics Dictionary. For this case study, it is defined
as

PSDpar = {PID1 ↦→ SA1, P ID2 ↦→ SA2, . . . , P IDr ↦→ SAr},

where PIDk is the semantic identifier associated with sibling-activity set SAk.
Definition 1. Parallel-Semantics PSD Entry. A parallel-semantics entry

PIDk ↦→ SAk

associates a model-defined parallel construct with its sibling-activity set. Activities
belonging to SAk share the same parallel semantic context and are represented by
PIDk during semantic trace transformation.

Let

ϕpar : A → A ∪ PID

denote the parallel-semantic mapping function:

ϕpar(a) =

{
PIDk, a ∈ SAk,

a, otherwise.

Applying ϕpar to a system-enacted trace removes the predictive significance of
arbitrary ordering among activities belonging to the same parallel construct. Conse-
quently, traces that differ only in the execution order of the same parallel siblings are
mapped to a common semantic representation.

For example,

⟨ap, aq, ar⟩ and ⟨aq, ap, ar⟩, ap, aq ∈ SAk,

contain different system-enacted orders but equivalent parallel semantics. Through
PSDpar, both are interpreted using the common semantic identifier PIDk, thereby
preventing their arbitrary ordering from being learned as a genuine causal dependency.

Fig. 3 summarizes this operational pipeline: the ρ-Algorithm discovers the SICN-
oriented process model, parallel constructs are represented as PSDpar entries, and the
corresponding semantic transformation produces model-semantics-aware traces before
predictive encoding.

4.1.4 Model-Semantics-Aware Prefix Vector Construction

The transformed traces are finally converted into fixed-length predictive inputs. Let

σ̂ = Tpar(σ, PSDpar) = ⟨â1, â2, . . . , â|σ̂|⟩

denote a parallel-semantics-aware trace. For prediction point k, its semantic prefix
is

σ̂(k) = ⟨â1, â2, . . . , âk⟩.

12



Fig. 3 Construction of Model-Semantics-Aware Prefix (MSAP) vectors using parallel semantics.

Definition 2. Model-Semantics-Aware Prefix (MSAP) Vector. An MSAP
vector is a fixed-length numerical representation of a predictive prefix generated
after model-defined semantic transformation. In the present realization, parallel sib-
ling activities are interpreted according to PSDpar so that arbitrary execution-order
relations among them are not retained as directed dependencies in the predictive
representation.

After semantic transformation, the remaining preprocessing follows the conven-
tional PPM pipeline:

σ
Tpar

−−−→ σ̂ → σ̂(k) → word2index → zero-padding → MSAPk.

If Lmax denotes the maximum input length, the resulting vector is

MSAPk = [x1, x2, . . . , xk, PAD, . . . , PAD],

with total length Lmax. Each semantic identifier and ordinary activity identifier is
subsequently mapped to the same embedding space used by the downstream prediction
model.

The proposed method therefore changes the semantic composition of the predic-
tive input while leaving the downstream learning procedure unchanged. This property
enables a controlled comparison between conventional and model-semantics-aware
preprocessing using the same LSTM and Transformer architectures.

4.1.5 Computational Considerations

The proposed preprocessing consists of an offline process-discovery phase and a trace-
transformation phase. Process discovery using the ρ-Algorithm is performed once for
the event log. During trace transformation, each event is examined against the parallel-
semantics PSD to determine its semantic mapping. With indexed PSD membership,
this transformation is linear in the total number of events, i.e., O(|EL|), where |EL|
denotes the number of recorded events.
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Accordingly, MSA-PTP introduces preprocessing overhead without changing the
computational structure of subsequent model training or inference. Its experimen-
tal value can therefore be evaluated independently of modifications to the predictive
architectures.

4.2 Next-Activity Prediction and Performance Analysis

This subsection evaluates the predictive effect of the proposed model-semantics-aware
preprocessing through next-activity prediction. The experimental framework consists
of two consecutive phases: semantic preprocessing and predictive learning. In the first
phase, the parallel-semantics-aware preprocessing described in the preceding subsec-
tion transforms system-enacted process traces into model-semantics-aware traces by
resolving directed phantom edges associated with arbitrary execution orders among
parallel sibling activities. The transformed traces are then encoded as fixed-length
Model-Semantics-Aware Prefix (MSAP) vectors using the parallel-semantics PSD and
conventional numerical encoding and zero-padding procedures.

In the second phase, the resulting MSAP vectors are supplied to existing next-
activity prediction models without modifying their network architectures. This
separation enables the predictive effect of semantic preprocessing to be evaluated
independently of architectural changes. To examine whether the observed effect is
consistent across different sequence-learning mechanisms, this study employs two
representative architectures: Long Short-Term Memory (LSTM), representing recur-
rent sequence learning, and Transformer, representing self-attention-based sequence
learning.

Accordingly, the experimental comparison evaluates

Conventional Prefixes → LSTM/Transformer

against

MSAP Vectors → LSTM/Transformer,

while maintaining equivalent predictive architectures and experimental settings.
The resulting performance differences therefore provide direct evidence of the contri-
bution of model-defined parallel semantics to next-activity prediction.

4.2.1 Experimental Setup

(1) Data Setup: Large Bank Transaction Dataset
To evaluate the effectiveness of the proposed Model-Semantics-Aware Prefix (MSAP)
preprocessing methodology, a series of next-activity prediction experiments were con-
ducted using the Large Bank Transaction Event Log Dataset [28], which is publicly
available from the 4TU Research Data Repository. The dataset is a synthetic bench-
mark specifically designed for research on business process management, process
mining, and predictive process monitoring. It was generated from a Petri-net-based
business process model and contains diverse execution patterns together with real-
istic routing variations and execution noise. The dataset consists of 10,000 process
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instances, 678,864 recorded events, and 113 distinct activity types, providing a suf-
ficiently large and structurally diverse benchmark for evaluating predictive process
monitoring models.

(2) Computing Environment Setup
Here, we summarize the experimental computing and implementing environments:

• All experiments were performed on a workstation equipped with an AMD Ryzen
7 5800X 8-Core Processor, an NVIDIA RTX 3070 GPU, and 32 GB of main
memory running Ubuntu 20.04.6.

• The experimental programs were implemented in Python 3.9.19 using PyTorch
1.12.1 and TensorFlow 2.11.0.

• Specifically, the LSTM prediction model was implemented using PyTorch,
whereas the Transformer-based prediction model was implemented using Tensor-
Flow.

(3) MSAP Preprocessing Setup: Parallel-Process Semantics Dictionary and
Slibling-Activity Sets
Before constructing the Model-Semantics-Aware Prefix (MSAP) vectors, the proposed
preprocessing methodology first identifies the parallel execution semantics embedded
in the event log. This preprocessing stage constitutes the semantic foundation of the
proposed predictive process monitoring framework because the subsequent MSAP vec-
tor construction relies on accurate identification of sibling activities belonging to the
same parallel control-flow construct.

To this end, the prepared Large Bank Transaction Event Log Dataset was ana-
lyzed using the ρ-Algorithm-based process mining system. The system first identifies
and removes directed phantom edges generated by arbitrary execution orders among
sibling activities and subsequently discovers the exact SICN-oriented business process
model. Based on the discovered process model, all conjunctive process patterns are
extracted together with their corresponding sibling-activity sets. These sibling-activity
sets are then organized into a Parallel-Process Semantics Dictionary, which serves as
the semantic knowledge base for the proposed MSAP preprocessing methodology.

Fig. 4 illustrates the construction results of the Parallel-Process Semantics Dic-
tionary. The upper-part in the figure presents the phantom-edge identification and
elimination procedure performed during process discovery, while the lower-part visu-
alizes the discovered parallel process constructs together with their corresponding
sibling-activity sets. As shown in the figure, the experimental dataset contains 12
single-level parallel control-flow constructs, each represented by a unique Parallel-
Process Semantics Dictionary entry denoted as (SA1, SA2, . . . , SA12). Each entry
corresponds to a complete sibling-activity set associated with a single conjunctive pro-
cess pattern and provides a unique semantic identifier for all activities belonging to
that parallel construct.

During MSAP vector construction, every activity contained in a sibling-activity set
is replaced by the identifier of its corresponding entry in Parallel-Process Semantics
Dictionary, denoted as (PID1, P ID2, . . . , P ID12). All the process traces that differ
only in the execution order of sibling activities are transformed into identical seman-
tic representations before zero-padding is applied. This dictionary-based semantic
abstraction eliminates artificial sequential dependencies while preserving the genuine
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Fig. 4 Phatom-Edge Identification/Removal and Sibling-Activity Sets on the Large Bank Transac-
tion Process Dataset

causal relationships defined by the discovered SICN process model. As a result, the
generated MSAP vectors provide semantically consistent input representations for
both the LSTM- and Transformer-based next-activity prediction models evaluated in
this case study.

4.2.2 Performance Evaluation Setup

The predictive performance of the proposed methodology was evaluated using four
widely adopted performance measures for multi-class classification problems, namely
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Accuracy, Precision, Recall, and F1-score. Accuracy measures the proportion of cor-
rectly predicted activities among all prediction instances. Precision evaluates the
proportion of correctly predicted activities among the activities predicted by the
model. Recall measures the proportion of actual next activities that are correctly iden-
tified by the prediction model. The F1-score, defined as the harmonic mean of Precision
and Recall, provides a balanced evaluation of prediction performance, particularly
when class distributions are uneven.

Accuracy =

(
TP + TN

)

(TP + TN + FP + FN)
(1)

Precision =

(
TP

)

(TP + FP )
(2)

Recall =

(
TP

)

(TP + FN)
(3)

F1 = 2×

(
Precision×Recall

)

(Precision+Recall)
(4)

Let (TP ), (FP ), (TN), and (FN) denote the numbers of true positives, false posi-
tives, true negatives, and false negatives, respectively. The four evaluation metrics are
computed using Equations (1)-(4). Higher values of these metrics indicate superior pre-
diction performance and are therefore used to quantitatively compare the effectiveness
of the conventional prefix representation and the proposed Model-Semantics-Aware
Prefix (MSAP) representation.

To ensure a fair comparison, all prediction models were trained and evaluated under
identical experimental conditions. The only difference between the baseline models and
the proposed models was the preprocessing methodology used to construct the input
prefix vectors. Any observed performance improvement, therefore, can be directly
attributed to the proposed MSAP preprocessing rather than to differences in network
architectures or training configurations.

4.2.3 MSA-PPM-LSTM: Incremental Semantic Validation through

Next-Activity Prediction

To provide the first empirical validation of the proposed Model-Semantics-Aware
Predictive Process Monitoring (MSA-PPM) paradigm, we conducted a series of next-
activity prediction experiments using a Long Short-Term Memory (LSTM)-based
predictive process monitoring model [2, 12]. LSTM networks have been widely adopted
in predictive process monitoring because of their capability to capture long-term tem-
poral dependencies from sequential event prefixes [29]. In the present case study,
the LSTM architecture serves as the baseline prediction model for evaluating the
effectiveness of the proposed MSA-PPM semantic preprocessing framework.

Within the proposed framework, the semantically revised process traces gener-
ated by the MSA-PPM preprocessing pipeline are transformed into predictive prefixes
and subsequently encoded into embedding vectors. These embedded representations
are sequentially processed by the LSTM network to construct hidden representations
describing the execution context of partially completed process instances. The hidden
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Fig. 5 Evolution of Predictive Performance during Cumulative Parallel-Semantics Preprocessing

Table 1 Incremental Performance Improvement of the MSA-PPM-LSTM Model through
Cumulative Parallel-Semantics Preprocessing

Cumulative PSD-Entry (PID) Preprocessed Accuracy Precision Recall F1-Score

Original Process Traces 75.65 71.69 72.01 71.84
PID1 MSAP-Revised Process Traces 75.93 72.97 72.99 72.98
PID2 MSAP-Revised Process Traces 76.32 71.48 73.13 72.30
PID3 MSAP-Revised Process Traces 76.42 72.58 73.46 73.02
PID4 MSAP-Revised Process Traces 76.74 72.49 74.18 73.33
PID5 MSAP-Revised Process Traces 77.18 72.66 74.56 73.60
PID6 MSAP-Revised Process Traces 77.18 72.46 75.14 73.78
PID7 MSAP-Revised Process Traces 77.68 72.28 75.50 73.85
PID8 MSAP-Revised Process Traces 79.76 73.85 76.07 74.94
PID9 MSAP-Revised Process Traces 79.82 73.90 76.27 75.07
PID10 MSAP-Revised Process Traces 81.28 73.40 76.88 75.10

Table 2 Overall Performance Improvement of the Proposed MSA-PPM-LSTM Model

Metric Baseline-LSTM MSA-PPM-LSTM Improvement

Accuracy 75.65 81.28 +5.63
Precision 71.69 73.40 +1.71
Recall 72.01 76.88 +4.87
F1-score 71.84 75.10 +3.26
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representation produced at the final time step is then connected to a fully connected
layer followed by a Softmax classifier to estimate the probability distribution of the
next activity.

It is important to emphasize that the proposed MSA-PPM-LSTM model does not
modify the internal architecture of the LSTM network. Instead, the proposed paradigm
improves predictive performance exclusively through semantic refinement of the input
process traces before conventional predictive learning is performed. To ensure a fair
comparison, the Baseline-LSTM and MSA-PPM-LSTM models employ exactly the
same network architecture, hyperparameter settings, optimization strategy, and train-
ing procedure. The Baseline-LSTM model is trained using conventional zero-padded
activity prefixes generated directly from the original event log, whereas the MSA-
PPM-LSTM model is trained using the semantically revised process traces produced
by the proposed MSA-PPM preprocessing framework. Lastly, semantic preprocessing
constitutes the only experimental variable, allowing the contribution of the proposed
MSA-PPM paradigm to be evaluated independently of the prediction architecture.

The experiments were conducted using the Large Bank Transaction Event Log
Dataset described in the previous subsection. The semantically revised process traces
were divided into training and testing datasets using an 80:20 ratio. Both predic-
tion models were trained for 100 epochs using the Adam optimizer with a learning
rate of 0.001 and a batch size of 12. To investigate how progressively incorporat-
ing model-defined parallel semantics influences predictive performance, we designed
an incremental semantic validation experiment. Rather than applying all discov-
ered parallel-process semantics simultaneously, semantic preprocessing was performed
cumulatively according to the entries stored in the Parallel Process Semantics Dictio-
nary (PSD). Beginning with the original process traces, each PSD entry, corresponding
to one discovered parallel process construct, was sequentially applied to eliminate
the directed phantom edges associated with that construct. After each preprocessing
step, the revised process traces were accumulated and subsequently used to train and
evaluate the same LSTM prediction model.

This experimental design enables both the individual and cumulative contributions
of model-defined parallel semantics to be quantitatively analyzed. Since neither the
prediction architecture nor the training procedure changes throughout the experiment,
the observed performance variations directly reflect the effectiveness of the proposed
semantic preprocessing methodology. Table 1 and Fig. 5 together illustrate the evo-
lution of predictive performance during cumulative semantic preprocessing. The first
row of Table 1 corresponds to the original process traces without semantic prepro-
cessing and serves as the experimental baseline. Each subsequent row represents the
accumulated revised process traces obtained after incorporating one additional PSD
entry. Fig. 5 graphically depicts the same experimental results and clearly reveals
the progressive improvement achieved as increasing amounts of model-defined parallel
semantics are incorporated into the predictive process traces.

Several significant observations can be drawn from these results. First, all four
evaluation metrics exhibit a consistent upward trend throughout the cumulative
preprocessing process, demonstrating that the proposed MSA-PPM framework con-
tinuously improves the semantic quality of predictive process traces. Second, the
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improvements are progressive rather than abrupt, indicating that each PSD entry
contributes complementary semantic knowledge toward refining the predictive repre-
sentation. Third, relatively larger performance gains are observed after incorporating
the later PSD entries, particularly from PID8 onward, suggesting that certain par-
allel process constructs contribute more substantially to eliminating execution-order
ambiguities introduced by directed phantom edges.

Overall, prediction accuracy increases monotonically from 75.65% for the original
process traces to 81.28% after all ten PSD entries have been incorporated, representing
an absolute improvement of 5.63 percentage points. Similar improvements are con-
sistently observed for Precision, Recall, and F1-score, confirming that progressively
incorporating model-defined parallel semantics systematically enhances both the cor-
rectness and robustness of next-activity prediction. Table 2 summarizes the overall
performance improvement achieved after incorporating the complete Parallel Process
Semantics Dictionary into the proposed MSA-PPM preprocessing framework. Com-
pared with the Baseline-LSTM model, the proposed MSA-PPM-LSTM consistently
achieves superior performance across all evaluation metrics. In particular, prediction
accuracy improves by 5.63 percentage points, while the F1-score increases by 3.26
percentage points, demonstrating that semantic refinement simultaneously improves
predictive precision and predictive completeness.

These experimental results provide the first empirical validation of the proposed
MSA-PPM paradigm. The observed performance improvements originate from seman-
tic refinement rather than architectural enhancement. By progressively incorporating
model-defined parallel-process semantics into predictive process traces, the proposed
MSA-PPM framework enables conventional LSTM models to learn genuine behav-
ioral dependencies while eliminating execution-order artifacts introduced by directed
phantom edges. Consequently, the study demonstrates that Model-Semantics-Aware
Process Trace Preprocessing constitutes an effective, architecture-independent strat-
egy for improving deep learning-based predictive process monitoring. Furthermore, the
cumulative semantic validation confirms that the Process Semantics Dictionary func-
tions as an extensible semantic knowledge base whose incremental semantic enrichment
directly translates into progressively improved predictive performance.

4.2.4 MSA-PPM-Transformer: Incremental Semantic Validation

through Next-Activity Prediction

To provide a second empirical validation of the proposed Model-Semantics-Aware Pre-
dictive Process Monitoring (MSA-PPM) paradigm, we conducted an additional series
of next-activity prediction experiments using a Transformer-based predictive process
monitoring model [1, 13, 30]. Transformer architectures have recently demonstrated
outstanding performance in predictive process monitoring owing to their multi-head
self-attention mechanism, which effectively captures both local and global contex-
tual dependencies among process activities [31, 32]. In the present case study, the
Transformer serves as a representative attention-based prediction model for evaluat-
ing the architecture-independent applicability of the proposed MSA-PPM semantic
preprocessing framework.
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Fig. 6 Evolution of Predictive Performance during Cumulative Parallel-Semantics Preprocessing

Within the proposed framework, the semantically revised process traces generated
by the MSA-PPM preprocessing pipeline are transformed into predictive prefixes and
encoded into dense activity embeddings together with positional embeddings before
being supplied to the Transformer encoder. Through multiple self-attention layers,
the Transformer learns contextual relationships among process activities and gener-
ates high-level semantic representations of partially executed process instances. The
resulting representations are subsequently connected to a fully connected prediction
layer followed by a Softmax classifier to estimate the probability distribution of the
next activity.

It is important to emphasize that the proposed MSA-PPM-Transformer model
does not modify the internal architecture of the Transformer network. Instead, pre-
dictive performance is improved exclusively through semantic refinement of the input
process traces before conventional Transformer-based predictive learning is performed.
To ensure a fair comparison, the Baseline-Transformer and MSA-PPM-Transformer
models employ exactly the same Transformer architecture, hyperparameter settings,
optimization strategy, and training procedure. The Baseline-Transformer model is
trained using conventional zero-padded activity prefixes generated directly from the
original event log, whereas the MSA-PPM-Transformer model is trained using the
semantically revised process traces produced by the proposed MSA-PPM preprocess-
ing framework. Therefore, semantic preprocessing constitutes the only experimental
variable, allowing the contribution of the proposed MSA-PPM paradigm to be
evaluated independently of the prediction architecture.

The experiments were conducted using the same Large Bank Transaction Event
Log Dataset and the same experimental protocol adopted in the previous LSTM
experiments. The semantically revised process traces were divided into training and
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Table 3 Incremental Performance Improvement of the MSA-PPM-Transformer Model through
Cumulative Parallel-Semantics Preprocessing

Cumulative PSD-Entry (PID) Preprocessed Accuracy Precision Recall F1-Score

Original Process Traces 75.64 73.75 70.33 72.00
PID1 MSAP-Revised Process Traces 77.17 74.22 72.98 73.60
PID2 MSAP-Revised Process Traces 76.98 73.73 73.49 73.61
PID3 MSAP-Revised Process Traces 77.65 75.12 73.49 74.30
PID4 MSAP-Revised Process Traces 77.69 75.19 73.37 74.27
PID5 MSAP-Revised Process Traces 78.17 75.14 74.53 74.83
PID6 MSAP-Revised Process Traces 78.24 75.46 74.45 74.95
PID7 MSAP-Revised Process Traces 78.00 75.05 74.24 74.64
PID8 MSAP-Revised Process Traces 79.77 76.69 76.54 76.62
PID9 MSAP-Revised Process Traces 78.94 75.43 75.44 75.44
PID10 MSAP-Revised Process Traces 80.54 76.77 76.79 76.78

Table 4 Overall Performance Improvement of the Proposed MSA-PPM-Transformer Model

Metric Baseline-Transformer MSA-PPM-Transformer Improvement

Accuracy 75.64 80.54 +4.90
Precision 73.75 76.77 +3.02
Recall 70.33 76.79 +6.46
F1-score 72.00 76.78 +4.78

testing datasets using an 80:20 ratio. Both Transformer models were trained for 100
epochs using the Adam optimizer with a learning rate of 0.001 and a batch size
of 12. To investigate whether the cumulative incorporation of model-defined parallel
semantics exhibits similar behavior under an attention-based prediction architecture,
the same incremental semantic validation experiment described in the previous sub-
section was repeated using the Transformer model. Rather than incorporating all
discovered parallel-process semantics simultaneously, semantic preprocessing was per-
formed cumulatively according to the entries stored in the Parallel Process Semantics
Dictionary (PSD). Beginning with the original process traces, each PSD entry, cor-
responding to one discovered parallel process construct, was sequentially applied to
eliminate the directed phantom edges associated with that construct. After each pre-
processing step, the revised process traces were accumulated and subsequently used
to train and evaluate the same Transformer prediction model.

This experimental design enables both the individual and cumulative contributions
of model-defined parallel semantics to be quantitatively analyzed using an attention-
based neural architecture. Since neither the Transformer architecture nor the training
procedure changes throughout the experiment, the observed performance variations
directly reflect the effectiveness of the proposed semantic preprocessing methodology.
Table 3 and Fig. 6 together illustrate the evolution of predictive performance dur-
ing cumulative semantic preprocessing. The first row of Table 3 corresponds to the
original process traces without semantic preprocessing and serves as the experimen-
tal baseline. Each subsequent row represents the accumulated revised process traces
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obtained after incorporating one additional PSD entry. Fig. 6 graphically depicts the
same experimental results and clearly illustrates the progressive improvement achieved
as increasing amounts of model-defined parallel semantics are incorporated into the
predictive process traces.

Several important observations can be drawn from these results. First, all four eval-
uation metrics exhibit an overall upward trend throughout the cumulative semantic
preprocessing process, demonstrating that the proposed MSA-PPM framework consis-
tently improves predictive performance under the Transformer architecture. Second,
the performance improvements are progressive rather than abrupt, indicating that
each PSD entry contributes complementary semantic knowledge toward refining the
predictive representation. Third, similar to the LSTM experiments, relatively larger
performance gains are observed after incorporating the later PSD entries, particu-
larly from PID8 onward, suggesting that several parallel process constructs contribute
more substantially to eliminating execution-order ambiguities introduced by directed
phantom edges.

Overall, prediction accuracy increases from 75.64% for the original process traces to
80.54% after incorporating all ten PSD entries, corresponding to an absolute improve-
ment of 4.90 percentage points. More importantly, Recall and F1-score exhibit even
larger improvements, increasing by 6.46 and 4.78 percentage points, respectively. These
results indicate that semantic refinement substantially enhances the Transformer’s
ability to correctly identify future activities while simultaneously improving the overall
balance between prediction precision and prediction completeness.

Table 4 summarizes the overall performance improvement achieved after incor-
porating the complete Parallel Process Semantics Dictionary into the proposed
MSA-PPM preprocessing framework. Compared with the Baseline-Transformer model,
the proposed MSA-PPM-Transformer consistently achieves superior performance
across all evaluation metrics. In particular, prediction accuracy improves by 4.90
percentage points, while the F1-score increases by 4.78 percentage points, demonstrat-
ing that semantic refinement simultaneously improves predictive accuracy, predictive
robustness, and class-balanced prediction performance.

These experimental results provide a second empirical validation of the proposed
MSA-PPM paradigm using an attention-based prediction architecture. Similar to the
LSTM experiments, the observed performance improvements originate exclusively
from semantic refinement rather than architectural enhancement. By progressively
incorporating model-defined parallel-process semantics into predictive process traces,
the proposed MSA-PPM framework enables the Transformer model to learn gen-
uine behavioral dependencies while suppressing execution-order artifacts introduced
by directed phantom edges. Moreover, the consistency of the experimental results
obtained from both recurrent and attention-based neural architectures demonstrates
that the proposed MSA-PPM framework constitutes an architecture-independent
semantic preprocessing paradigm for predictive process monitoring. Furthermore, the
cumulative semantic validation again confirms that the Process Semantics Dictio-
nary functions as an extensible semantic knowledge base whose progressive semantic
enrichment directly translates into progressively improved predictive performance.
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4.2.5 Summary: Architecture-Independent Validation of the

Proposed MSA-PPM Paradigm

Table 5 presents an overall comparison of the experimental results obtained from
the two representative deep learning architectures employed in this study, namely
the recurrent LSTM model and the attention-based Transformer model. The objec-
tive of this comparison is not to determine which prediction architecture performs
better, but rather to investigate whether the proposed Model-Semantics-Aware Pre-
dictive Process Monitoring (MSA-PPM) framework consistently improves predictive
performance regardless of the underlying deep learning model. Since the Baseline
and MSA-PPM models employ identical prediction architectures, hyperparameter
settings, optimization strategies, and experimental protocols, semantic preprocessing
constitutes the only experimental variable. Accordingly, the observed performance
improvements can be attributed exclusively to the proposed MSA-PPM framework
rather than to modifications of the underlying deep learning architectures.

For the LSTM-based prediction model, the proposed MSA-PPM framework
improves prediction accuracy from 75.65% to 81.28%, corresponding to an absolute
improvement of 5.63 percentage points. Likewise, the F1-score increases from 71.84%
to 75.10%, representing an improvement of 3.26 percentage points. These improve-
ments indicate that semantic refinement enables the recurrent neural network to learn
genuine behavioral dependencies more effectively by eliminating artificial sequential
relationships introduced by directed phantom edges.

Table 5 Architecture-Independent Performance Validation of the Proposed MSA-PPM Paradigm

Model Accuracy ∆Accuracy F1-Score ∆F1-Score

Baseline-LSTM 75.65 – 71.84 –
MSA-PPM-LSTM 81.28 +5.63 75.10 +3.26

Baseline-Transformer 75.64 – 72.00 –
MSA-PPM-Transformer 80.54 +4.90 76.78 +4.78

A similar tendency is observed for the Transformer-based prediction model. Pre-
diction accuracy increases from 75.64% to 80.54%, corresponding to an absolute
improvement of 4.90 percentage points, while the F1-score increases from 72.00% to
76.78%, representing an improvement of 4.78 percentage points. In particular, the sub-
stantial improvement in Recall demonstrates that semantic refinement significantly
enhances the Transformer’s ability to correctly identify subsequent activities while
preserving prediction precision.

More importantly, both prediction models exhibit remarkably consistent perfor-
mance improvements despite employing fundamentally different sequence-learning
mechanisms. Whereas the LSTM model captures temporal dependencies through
recurrent memory cells, the Transformer model learns contextual relationships using
multi-head self-attention. Nevertheless, both architectures consistently benefit from
the proposed semantic preprocessing, demonstrating that the effectiveness of the MSA-
PPM framework is independent of the internal learning mechanism of the prediction
model.
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Fig. 7 Architecture-Independent Performance Improvements Achieved by the Proposed MSA-PPM
Framework

The cumulative semantic validation experiments presented in the previous subsec-
tions further reinforce this conclusion. As progressively more model-defined parallel-
process semantics are incorporated into the predictive process traces through the
Parallel Process Semantics Dictionary, both prediction architectures exhibit gradual
and consistent improvements across all evaluation metrics. This observation con-
firms that the semantic contribution of individual PSD entries is complementary and
accumulative, providing empirical evidence that the Process Semantics Dictionary
functions as an extensible semantic knowledge base whose progressive enrichment
systematically improves predictive process representations.

Overall, the experimental results validate the central hypothesis of this study:
enhancing the semantic quality of process traces is as important as improving the
prediction architecture itself. By eliminating directed phantom edges and replac-
ing arbitrary execution orders among sibling activities with their corresponding
Parallel Process Semantics Dictionary entries, the proposed MSA-PPM framework
enables deep learning models to learn genuine causal process semantics rather
than execution-order artifacts. After all, the proposed framework constitutes an
architecture-independent semantic enhancement paradigm that can be seamlessly inte-
grated with existing as well as future deep learning architectures for predictive process
monitoring.

4.3 Discussion and Implications

The experimental results demonstrate that predictive performance depends not only
on the learning architecture but also on the semantic quality of its input traces. Con-
ventional PPM preserves the observed event order as a sequential representation, even
when parallel sibling activities may occur in arbitrary orders. Such representations can

25



introduce directed phantom edges that encode execution-order artifacts as apparent
dependencies. By identifying these relationships from model-defined parallel seman-
tics and eliminating them before predictive learning, MSA-PPM provides semantically
revised traces that better reflect the underlying process structure.

This effect is consistently observed for both LSTM- and Transformer-based mod-
els. The LSTM model achieves an absolute accuracy improvement of 5.63 percentage
points, while the Transformer model improves by 4.90 percentage points; improve-
ments are also observed in the corresponding Precision, Recall, and F1-score measures.
Because the predictive architectures themselves remain unchanged, these gains pro-
vide evidence that the improvement originates from the semantic preprocessing of the
predictive inputs rather than from increased model complexity.

The results can be interpreted as a reduction of semantic noise in the input space.
For recurrent learning, eliminating artificial sequential dependencies prevents hidden-
state transitions from unnecessarily representing arbitrary orderings among parallel
activities. For attention-based learning, it reduces the need to model contextual
relationships arising solely from incidental parallel interleavings. In both cases, model-
defined semantics allow the predictive architecture to concentrate more effectively on
behaviorally meaningful dependencies.

The cumulative PSD experiments provide further evidence for this interpreta-
tion. Each parallel-semantics entry represents a discovered sibling-activity set and
contributes an additional unit of model-defined knowledge to trace preprocessing.
Although individual additions do not always produce monotonic improvements, the
overall performance trend increases as more parallel-semantic entries are incorporated.
This suggests that the predictive benefit is associated with the accumulated correction
of execution-order artifacts rather than with a single particular process construct.

These findings also clarify the methodological role of the Process Semantics Dic-
tionary (PSD). The PSD is not merely a lookup table for phantom-edge elimination;
it provides an explicit interface between process discovery and predictive learning.
Process discovery identifies behavioral structures, the PSD represents their seman-
tics in machine-processable form, and MSA-PTP operationalizes this knowledge by
transforming predictive traces. The resulting separation between semantic interpreta-
tion and predictive learning enables the same semantic preprocessing mechanism to
be applied without redesigning the downstream predictive architecture.

The present experiments validate this principle specifically for parallel semantics
and next-activity prediction. They should therefore be interpreted as an operational
validation of one component of the broader MSA-PPM paradigm rather than as empir-
ical validation of all PSD semantic categories. Nevertheless, the modular formulation
provides a basis for future implementations of exclusive-choice, loop, synchronization,
temporal, resource, organizational, and constraint semantics, each requiring its own
semantic extraction and trace-transformation mechanism.

A further implication is the stronger integration of process mining and predictive
monitoring. In MSA-PPM, a discovered process model is not used solely for visu-
alization or retrospective analysis; its semantics become operational knowledge for
constructing predictive data. The resulting pipeline establishes a direct connection
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Process Discovery → PSD → Semantic Trace Transformation → Predictive Learning,
thereby transferring model-defined behavioral knowledge into data-driven prediction.

Overall, the experiments support three conclusions. First, correcting semantically
inconsistent trace relationships can improve predictive performance without increasing
neural-model complexity. Second, the PSD provides an explicit mechanism for trans-
ferring model-defined semantics from process discovery to predictive preprocessing.
Third, the consistent improvements across LSTM and Transformer models indicate
that the demonstrated benefit is not restricted to a single learning architecture. These
findings support the central premise of MSA-PPM: improving the semantic validity
of predictive traces can complement advances in predictive architectures as a distinct
means of improving predictive process monitoring.

5 Conclusion

This paper proposed Model-Semantics-Aware Predictive Process Monitoring (MSA-
PPM), a paradigm that addresses the semantic gap between system-enacted event
traces and model-defined process behavior. Its computational framework, Model-
Semantics-Aware Process Trace Preprocessing (MSA-PTP), uses a Process Semantics
Dictionary (PSD) to transfer semantic knowledge extracted from process models
into predictive data preparation. Rather than modifying the predictive architecture,
MSA-PPM transforms conventional traces into model-semantics-aware traces before
predictive learning.

As an operational realization, this study implemented parallel semantics using an
SICN-oriented process model discovered by the ρ-Algorithm. Model-defined sibling
relationships were represented in the PSD and used to eliminate directed phantom
edges caused by arbitrary execution orders among parallel activities. Next-activity
prediction experiments showed absolute accuracy improvements of 5.63 and 4.90 per-
centage points for LSTM- and Transformer-based models, respectively, together with
improvements in Precision, Recall, and F1-score. Since the predictive architectures
were unchanged, these results demonstrate that improving the semantic validity of
predictive traces can itself contribute to predictive performance.

The present study validates MSA-PPM specifically for parallel semantics and next-
activity prediction. Future work will extend the PSD and its semantic transformation
mechanisms to exclusive-choice, loop, synchronization, temporal, resource, organiza-
tional, and constraint semantics and evaluate them across additional PPM tasks and
process datasets. These extensions will further investigate MSA-PPM as a reusable
semantic layer connecting process discovery with predictive learning.
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