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Abstract. Process-aware information systems support the execution
and monitoring of business processes. The recorded event data can be
leveraged to predict the remaining time of running cases, enabling orga-
nizations to meet service-level targets, and enhance operational perfor-
mance. However, most existing approaches treat cases as being indepen-
dent from each other, even though there often is contention between cases
for shared resources. While some approaches account for inter-case de-
pendencies, they overlook the queuing dynamics arising from work han-
dovers between resources. Moreover, inter-case-aware approaches often
use traditional tree-based models, which generally achieve lower accu-
racy than modern deep learning models. To overcome these limitations,
we introduce QTab, a novel remaining time prediction approach pow-
ered by two components: (1) modeling of resource interactions and work
handovers through a queuing network to derive informative inter-case
features; (2) Modern tabular neural networks trained in sophisticated en-
sembling pipelines. Experimental results on eight real-world event logs
show that QTab achieves competitive or superior predictive accuracy
compared to existing tree-based and deep learning approaches in re-
maining time prediction. At the same time, it offers better scalability
in feature extraction and improved efficiency in model training.

Keywords: Predictive Process Monitoring - Remaining Time Predic-
tion - Queuing Networks - Machine Learning for Tabular Data.

1 Introduction

Business processes are typically supported by information systems that store
data on process executions in event logs. Predictive process monitoring (PPM)
uses the historical data from completed process instances (cases) to build mod-
els that forecast the future of ongoing cases. A key task in PPM is remaining
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time prediction, which estimates how long a running case will take to complete.
Accurate estimates support planning, scheduling, and resource allocation, while
also supporting risk management through early detection of potential delays |[§].

Existing machine learning approaches for remaining time prediction extract
partial execution traces from event logs and encode them as feature vectors for
supervised learning |28]. Most approaches rely solely on intra-case features that
describe individual cases. They assume that—or act as if—cases are indepen-
dent and that process behavior remains stationary over time [7,22]. In practice,
however, cases often compete for shared resources or are processed in batches, vi-
olating the independence assumption [7,/16L[18]. Moreover, process dynamics are
typically non-stationary, for example due to fluctuating case arrival rates |17].

Recognizing that remaining time is influenced by factors external to indi-
vidual cases, some approaches incorporate inter-case features like workload and
the similarity of concurrent cases as contextual information to improve predic-
tion accuracy [13116}/19,21-23]. While these works demonstrate the promise of
inter-case-aware modeling, they also face notable limitations. First, they primar-
ily capture dependencies between concurrent cases at the same activity transi-
tions |13[16}/19,/21]. In reality, however, cases queue for resources, not activ-
ities [24]. Second, the practical applicability of several approaches [16,/19] is
constrained by their reliance on domain expertise and user input to identify
process segments (i.e., activity transitions) whose dynamics should be modeled.
Finally, the prediction accuracy of existing approaches is limited either by the
use of coarse-grained inter-case features [13}22,23] or by reliance on traditional
tree-based machine learning models [16}|19}21].

To address these limitations, this paper introduces QTab, a novel approach
for remaining time prediction. QTab constructs a queuing network that explicitly
models work handovers between organizational entities (e.g., resources or roles),
rather than activity transitions, to capture inter-case dependencies. The network
is automatically derived from event logs, without requiring domain knowledge. It
represents organizational entities as queuing nodes and work handovers as edges,
where queues naturally form. At any point in time, the network can be queried
to extract fine-grained inter-case features such as workloads, queue lengths, and
temporal dependencies among concurrent cases. QTab integrates these features
with intra-case attributes into a tabular dataset and trains a deep neural network
to estimate the remaining time of ongoing cases. The flexible node granularity
of the queuing network improves scalability in feature extraction. It keeps the
feature space tractable and enables the use of tabular neural networks. QTab
leverages recent advances in tabular deep learning and employs a parameter-
efficient ensemble of multilayer perceptrons |11] trained within a cross-validation
ensemble pipeline [9].

We evaluate QTab against state-of-the-art tree-based and domain-specific
deep learning models on eight publicly available real-world event logs. The re-
sults demonstrate that QTab consistently achieves strong predictive performance
for the remaining time prediction task, while offering favorable scalability and
efficiency characteristics compared to existing approaches.
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The paper is organized as follows. reviews existing inter-case-aware
approaches. The QTab approach is introduced in and is evaluated in

Finally, concludes the paper and outlines future work.

2 Related Work and Open Challenges

This section reviews existing inter-case-aware approaches for remaining time
prediction, followed by a discussion of the main challenges they leave unresolved.
Existing approaches. Workload encoding incorporates the number of con-
current cases as contextual information for remaining time prediction. Certain
approaches rely on simple inter-case features, such as the overall process-level
workload [2] or the number of concurrent cases per case type defined through
domain knowledge [22]. However, these features fail to capture temporal depen-
dencies among concurrently running cases. Similarity-based encoding considers
the control-flow and temporal distance of a running case to its concurrent cases as
inter-case features [23]. Nevertheless, these approaches |2}[2223] remain coarse-
grained and overlook key queuing dynamics. As a result, predictive accuracy
may degrade. For instance, high-level workload abstractions ignore how work-
load is distributed across different process steps, and temporal-distance features
may introduce prediction latency: if congestion increases at a particular step, its
effects will not be visible for cases that have not yet reached that step.

To incorporate more fine-grained inter-case features, some approaches utilize
the performance spectrum [6], a visual process analysis tool that depicts each
case’s performance across process steps over time. It enables the identification
of critical process segments and supports performance analysis within those seg-
ments |7]. However, this approach provides only aggregated insights—such as
the likelihood of long waiting times—rather than predicting remaining time for
individual cases. Subsequent studies extended performance spectrum analysis to
remaining time prediction [16,19], but they still depend heavily on domain knowl-
edge or visual analysis to determine relevant segments. Separately, Grinvald et
al. [12] introduce a conceptual framework that derives inter-case features from
temporal, organizational, and data perspectives by aggregating corresponding
attributes across peer cases of a running instance. Yet, incorporating multiple
process perspectives in this manner requires substantial manual feature engi-
neering and often results in a high-dimensional feature space.

Approaches capable of extracting fine-grained inter-case features without do-
main expertise or extensive manual feature engineering remain scarce. One such
approach is load state encoding, which measures workload at critical activities
that strongly influence process performance |13]. However, workload features
overlook the role of arrival rates in shaping temporal dependencies among con-
current cases. Queuing theory, which considers both arrival rates and workloads,
offers a promising solution. For example, congestion graphs |21] construct a net-
work in which nodes represent activities and edges capture their transitions. This
network is queried to extract inter-case features that reflect queuing dynamics at
activity transitions. Yet, these features overlook resource interactions. Moreover,
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generating features for all activities and their possible transitions quickly leads
to high-dimensional feature spaces, particularly in complex processes with many
distinct activities and a large number of possible transitions.

Open challenges. While the existing inter-case-aware approaches provide valu-
able insights, they still leave two important challenges unresolved.

Neglecting resource interactions. Most existing approaches capture inter-case de-
pendencies primarily at the level of activity transitions. However, business pro-
cess delays are often influenced by resource contention, where cases compete
for shared resources and wait in queues before processing [1,/3,[18]. This mo-
tivates investigating whether modeling queuing dynamics at the resource level
can provide additional predictive information beyond activity-level workload fea-
tures. For example, consider a loan application process in which the financial
risk assessment activity for high-value applications is executed by team A, and
lower-value applications by team B. If team A experiences a temporary capacity
drop, or if an interest-rate change triggers a surge in high-value applications,
delays arise specifically for cases handled by team A, while cases assigned to
team B remain unaffected. Approaches that capture workloads at the activity
level [13}/164/19,21] fail to account for such resource-specific effects. To address
this, we propose an approach that explicitly models the queuing dynamics arising
from work handovers between resources.

Reliance on traditional machine learning. Incorporating fine-grained inter-case
features into sequence encoding produces high-dimensional inputs. This increases
computational cost and may degrade predictive performance due to the curse of
dimensionality [4,8]. To address this, most existing inter-case-aware approaches
for remaining time prediction rely on tabular encoding and tree-based models,
such as random forests [16}22] and gradient boosting |16L|19,[21}22]. In this set-
ting, the predictive model operates on pre-aggregated features and inter-case
features are typically extracted only for the most recent event. While this avoids
excessive dimensionality, it limits the model’s ability to capture temporal de-
pendencies across earlier events. Consequently, tree-based approaches are more
efficient and offer greater explainability, but they often yield suboptimal accu-
racy compared to deep learning models |28]. Recent advances in deep learning for
tabular data [11}/141/15] show that neural architectures can model complex inter-
actions among heterogeneous features more effectively, achieving state-of-the-art
performance on the most recent curated tabular benchmark TabArena [9]. Mo-
tivated by the need to better navigate the performance—efficiency trade-off, this
paper is the first to bring these advances to predictive process monitoring.

3 QTab for Inter-Case-Aware Remaining Time Prediction

This section introduces QTab, our approach for predicting remaining time in
business processes. As shown in it comprises training (blue) and infer-
ence (red) phases, with shared components in black.

During training, QTab processes the event log in three main steps: (1) it
augments the log by identifying triggering activities and discovering resource
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Fig. 1: Overview of the main steps of QTab.

roles; (2) it constructs a queuing network from the augmented log to model inter-
case dependencies; and (3) it extracts intra- and inter-case features from both
the augmented log and the queuing network to create a tabular dataset. Each
row of this dataset represents an incomplete case, with its intra- and inter-case
features serving as predictors and its remaining time as the target variable. A
tabular machine learning model is then trained on this dataset. During inference,
the queuing network is updated with new events, and the same feature extraction
procedure is applied to ongoing cases to produce the runtime inference dataset,
on which the trained model predicts remaining time. In the following, we describe
the training procedure in detail and briefly outline the inference phase.

3.1 Event Log Augmentation

QTab takes an event log and augments each event with information required
to construct a queuing network. The augmentation procedure involves three
steps: (1) identifying triggering activities, (2) discovering roles, and (3) optionally
estimating start timestamps. For all steps, QTab relies on established methods [5)
250129|, which are briefly summarized below.

Event definitions. We assume an input event log L that consists of events
represented as tuples e = (c,a,ts,t.,r, D), where ¢ denotes the case identi-
fier, a the executed activity, ts; and t. the start and completion timestamps,
r the associated resource, and D a set of additional attribute—value pairs, cov-
ering both case-level attributes shared across all events of a case and event-level
attributes specific to individual events. To construct an augmented event log
L*, this step extends each event with additional attributes, yielding a tuple
€=(¢,a,ac,ts,teyte, T Te, Py pe, D). Here, a,. is the triggering activity associated
with the execution of a, identified as the most recent non-overlapping activity
in the same case. The timestamp t. denotes the completion time of a.. The
resources performing a and a. are r and r., and their corresponding roles are
given by p and p.. We refer to attributes of € using dot notation—for example,
e.t. denotes the completion timestamp of the event €. A trace is a sequence of
events from the same case, ordered by completion time.
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Deriving L* from the event log L consists of the following steps:
Identifying the triggering activity. The queuing network captures resource
interactions by modeling work handovers between resources, which must be in-
ferred from the event log. Since activities may have nonzero duration, relying
solely on completion timestamps imposes a strict total ordering that may obscure
temporal overlap between activities [24]. QTab mitigates this issue by consider-
ing service-time intervals when identifying the triggering activity for each event.
Following Wen et al. [29], for an event ¢;, we identify the triggering activity ¢; as
the most recent event in the same case whose service-time interval (e;.ts, €;.t.)
does not overlap with that of ¢;. Once the triggering relationship is established
(i.e., €j.ae = €;.a), the triggering time is set as ¢;.t. = ¢;.t., representing a work
handoff between two resources: €;.7, = €;.7.

Role discovery. QTab partitions resources by roles (i.e., resources with similar
respousibilities) to achieve better scalability and computational efficiency. We
augment each event by assigning a role p to its resource r, and a role p, to the
resource 7. that performed the triggering activity. A role represents a functional
or organizational unit. When the event log does not contain role information,
we apply a well-established algorithm [25] to group resources into roles based on
their activity-execution profiles.

Estimating event start times. To separate waiting times from processing
times and distinguish cases in service from those waiting in queues, QTab re-
quires both start and completion timestamps. When start timestamps are un-
available, we estimate them using the approach proposed by Chapela-Campa
and Dumas |5]. This approach accounts for process-level parallelism and incor-
porates resource availability to derive plausible start time estimates. The ap-
proach builds upon established heuristics for start-time estimation in process
mining |10,(24/30] and was specifically designed to improve the temporal realism
of process execution data.

3.2 Queuing Network Creation

Using the augmented log L*, we create a queuing network that models inter-case
dependencies. We begin by defining a handoff graph, and then explain how it
serves as the structural basis for construction of the queuing network.
Handoff graph. The handoff graph is a directed graph G = (V, £), where nodes
V represent all unique resources in L* and edges £ C V x V capture transfers
of work between them. An edge (rs,7;) exists when an activity performed by 7
is identified as the triggering activity of an activity performed by 7, including
self-handovers where 7, = 1. Formally, &€ = {(rs,r¢) | rs,7¢ € V,3e; € L* -
€;.17e = rs A€;j.r = ry}. To reduce the size of the handoff graph, resources can be
grouped by role, so that nodes represent roles rather than individual resources
and edges denote work handovers between roles. This flexible granularity reduces
the feature space dimensionality and supports efficient training of tabular neural
networks for remaining time prediction.

Queuing network. To build the queuing network G*, we replay L* against
its corresponding handoff graph G, recording when each case arrives at and de-
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parts from every node and edge. We use the term queuing network to denote
a handoff graph augmented with queue-related state variables, rather than a
classical analytical queuing network with probabilistic routing and service dis-
tributions. Consequently, nodes represent servers (individual resources or roles),
while directed edges represent queues formed by work handovers between them.
For an event €; processed at node 7, the service time is €;.t. — €;.t5, while its
waiting time on edge (rs,7¢) is €;.ts — €;.t.. The queuing network G* preserves
the structure of G but is annotated with six time-dependent functions that are
incrementally updated during the replay of L*:
— Workload Function: W (r,T) returns the number of active cases at node r at
time T, i.e., cases that have arrived but not yet departed.
— Queue Function: Q((rs,r¢),T) returns the number of cases waiting on edge
(rs,7¢) at time T, i.e., those that have arrived but not yet departed.
— Arrival Functions: (7, T) = M7 (7, T)] fef1,2,4,16,64,256,1024} cOMputes mov-
ing averages of inter-arrival times over exponentially increasing window sizes
f. For each f, A\, s(r,T) is the mean time gap between the last f consec-
utive arrivals to node r occurring at or before time 7, characterizing the
temporal intensity of arrivals at multiple granularities. The exponentially
increasing windows capture both short-term fluctuations and longer-term
temporal trends in congestion while keeping the number of features manage-
able. A¢((rs,7¢), T) is defined analogously for edge (rg,7¢).
— Departure Functions: Similarly, i, (r,T) = [tin, 5 (7, T)] re{1,2,4,16,64,256,1024}
computes moving averages of inter-departure times from node r up to 7 ,
and e ((rs, ), T) provides the corresponding measures for edge (rs,r¢).

3.3 Feature Extraction

We generate multiple prefixes from each trace ¢ =< €1,...,€, > in the aug-
mented log L* to establish training samples. A prefix of length k € [1,m — 1],
denoted o = (€1,...,€x), represents the partial execution of o up to its k-th
event. Using L* and its queuing network G*, we extract both intra- and inter-case
features for these prefixes.

Inter-case features. For a prefix 0% = (ey,...,¢), inter-case features are ex-
tracted by querying the queuing network G* = (V, ) at the completion (eg.t.),
start (eg.ts), and triggering (ex.t.) times of its last event €. At the completion
timestamp eg.t., these features quantify congestion across all nodes and edges.
The workload features W (V, e.t.) = {W(r,ex.te) | r € V} capture the workload
at each node, while the queue features Q(E, ex.tc) = {Q((rs,r), €x-te) | (rs,71) €
&} capture the number of cases waiting on each edge. We additionally incorpo-
rate the arrival and departure functions for the last visited node and edge. For
the node r, the arrival features are A, (r,€x.ts) and the departure features are
tn (T, €x.te), where r = eg.1r or €g.p, depending on whether the queuing network
is defined over resources or roles. For the corresponding edge, the arrival and de-
parture features are A\.((rs,r¢), €x.te) and pe((rs,r¢), €x.ts), respectively, where
(rs,7¢) = (€k-Te, €x.7) OF (rs,7¢) = (€k-Pe, €x-p) under the same convention.
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We illustrate the extraction of inter-case features using a simplified loan
application process. The process involves four roles: Front Office Officer (FO),
Credit Analyst (CA), Compliance Officer (CO), and Loan Manager (LM), re-
sponsible for application registration, credit assessment, compliance checks, and
final approval, respectively. shows a running example for a prefix of
length four. Up to this point, the application has been registered, assessed by
the Credit Analyst and Compliance Officer, and reviewed by the Loan Manager;
subsequent events illustrate how the case may undergo an additional credit as-
sessment before approval. The queuing network is queried at the completion,
start, and triggering timestamps of the last event to obtain the workload of
every role, the queue length of every handover, and the arrival and departure
features for the last visited role (LM) and the triggering handover (CA — LM).

Register Application AL FO 2026-05-18 10:15 2026-05-18 10:15 2026-05-18 10:24
Evaluate Financial Risk FO CA 2026-05-1810:24 2026-05-26 11:31 2026-06-0116:42
Compliance Control FO CO 2026-05-1810:24 2026-05-27 15:06 2026-05-29 09:17
Review Assessment CA LM 2026-06-0116:42 2026-06-0214:19 2026-06-02 14:27
Additional Credit Assessment LM CA 2026-06-02 14:27 2026-06-04 10:07 2026-06-04 13:21
Review Assessment CA LM 2026-06-04 13:21 2026-06-04 16:43 2026-06-04 17:08
Approve Application LM LM 2026-06-04 17:08 2026-06-04 17:08 2026-06-04 17:11
Send Offer LM FO 2026-06-0417:11 2026-06-0509:06 2026-06-05 09:07

(| 2 e lpl e | & | &
1
2
3
4
5
6
7

(LM, 2026-06-02 14:27) = {16.8,15.9,14.7,12.1,9.6,7.8,6.9}

W(V, 2026-06-02 14:27) = {FO: 4, CA: 6,C0: 8, LM: 2} An(LM, 2026-06-02 14:19) = {3.8,4.5,5.6,8.9,11.7,14.2,15.6}
© 1e(CA — LM, 2026-06-0214:19) = {14.9,14.2,135,11.4,9.1,7.5,6.7}
Q(€, 2026-06-02 14:27)

= {FO - CA:5,CA > F0:0,F0O - C0:4,C0 - F0:0,CA

>/ M -06- B = y 3.9
= LM:2,LM — CA:0,C0 — LM: 2, LM — CO: 1, LM: FO: 3} 2¢(CA = LM, 2026-06-01 16:42) {5.2,6.0,7.4,10.8,13.9,16.5,18.1}

Fig.2: Loan application example illustrating inter-case features for a prefix of
length four. Arrival and departure features are reported in hours.

Intra-case features. For a prefix o® = (¢, ..., ¢), intra-case features are ex-
tracted from its last event €, and the preceding execution history. To capture the
control-flow perspective, we use the last five executed activities and the trigger-
ing activity €g.a.. Using a bounded history length provides a compact control-
flow representation while avoiding excessive growth in feature dimensionality.
From the temporal perspective, we include the last activity’s processing time
(ex.te —€x.ts) and waiting time (ex.ts — €g.te ), cumulative processing and waiting
times, elapsed time since case start, and the weekday and hour of eg.t., €.ts,
and eg.t.. For the resource perspective, we include the resources (ex.r, €x.7e)
and roles (ex.p, €x.pe) associated with the last activity and its triggering activ-
ity. Finally, all additional case- and event-level attributes from the last event
€. D capture the data perspective.

Tabular dataset creation. We concatenate the intra- and inter-case features
to form a tabular training dataset, where each row represents a prefix encoded
by d heterogeneous categorical and numerical features, with the remaining time
as the target value. The dataset is denoted by a feature matrix X € R**? and
a target vector y € R™, where n is the number of prefixes.
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3.4 Tabular Model: Training and Inference

Formulating remaining time prediction as a tabular modeling problem offers
several advantages over deep neural networks for sequential data. First, tabu-
lar models are computationally and memory efficient, avoiding the overhead of
recurrent or attention mechanisms through compact, pre-aggregated feature rep-
resentations. Second, each feature corresponds to an interpretable property of
the running case or the queuing dynamics, enabling explainability. Finally, tabu-
lar data supports a wide range of predictive models, from tree-based approaches
to neural networks. Most existing inter-case-aware remaining time prediction
methods rely on tree-based models [16}/19,|21,/22]. However, these models often
achieve lower predictive accuracy than neural networks for sequential data |28§],
in part because pre-aggregated features can overlook temporal dependencies be-
tween past events.

To address this trade-off between efficiency and accuracy, we utilize a tab-
ular neural network that leverages the expressive power of deep models while
remaining efficient and scalable for large event streams. Specifically, we adapt
the recently proposed deep tabular model, TabM [11], to remaining time pre-
diction. The model is based on multilayer perceptrons (MLPs), where each row
x € X is processed through successive layers of linear operations (matrix multi-
plications) and nonlinear activation functions. TabM enhances MLPs through an
efficient ensembling mechanism that uses a shared MLP backbone with multiple
lightweight adapters and output heads. Each input is simultaneously processed
by k adapters, each generating a distinct encoding of the input to promote di-
versity. These representations are passed through the shared backbone, which
improves regularization and mitigates overfitting. The resulting outputs are then
mapped through k parallel output heads to produce k predictions, which are
averaged at inference time. This design improves regularization, reduces overfit-
ting, and lowers prediction variance.

To further reduce prediction variance, we train TabM in an 8-fold cross-

validation pipeline. Essentially, 8 instances of the same model class are trained
on subsets of % of the data, while the remaining % are used for early stopping.
At inference time, the predictions of the 8 models are averaged. This procedure
is frequently used to improve predictive performance in Kaggle competitions 26|
and has been shown to be important to make neural networks competitive on
tabular data [9,/27]. The choice of 8 folds reflects a trade-off between predic-
tive performance and computational cost, as larger ensembles generally improve
robustness at the expense of increased training and inference time.
Inference with QTab. As we incrementally construct the queuing network by
replaying the augmented event log, its functions (workload, queue, arrival, and
departure) are continuously updated during inference as new events occur. This
allows QTab to capture the current system state through inter-case features using
only the information available up to the latest executed event. The resulting
intra- and inter-case features are then provided to the trained TabM model to
predict the remaining time of each running case.
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4 Evaluation

This section presents the experiments conducted to evaluate the performance of
QTab, including the experimental setup, and results.

4.1 Experimental Setup

We describe the event logs and experimental setup used to evaluate QTab. The
event logs, complete implementation of QTab (including event-log augmentation,
preprocessing, feature extraction, model training and evaluation, configurations,
and baseline implementations), are publicly available in the project repositoryﬂ
Event logs. presents the eight real-world event logs used in our evalua-
tion. For each log, cases are sorted chronologically by their start time. The first
80% are used for training and the remaining 20% for test. Within the training
set, 20% of cases serve as a validation set.

Table 1: Characteristics of the event logs used for evaluation. Average lead time
(ALT) is reported in days.

Event log Cases Events Activities Resources  Variants ALT Domain
P2p 608 9119 21 27 70 21.5 Procurement
BPIC1TW 30276 240854 8 148 6356 12.7 Finance
BPIC20ID 6449 72151 34 8 753 86.5 Education
BPIC20DD 10500 56437 17 7 99 11.5 Education
BPIC20PTC 2099 18246 29 8 202 36.8 Education
BPIC15-1 1199 52217 398 23 1170 95.9 Government
BPIC15-5 1156 59083 389 22 1153 98.0 Government
Helpdesk 4580 21348 14 22 226 40.9 IT Services

Benchmark approaches. We compare our approach against three others:

— PGTNet |2]: A deep learning approach that transforms event logs into graph
datasets and integrates graph neural networks with transformers to model
control-flow relations and temporal dependencies within each case. Its use
of inter-case features, is limited to the overall system workload, making it a
strong deep learning baseline with only coarse-grained inter-case information.

— LS-ICFE [13]: A deep learning approach that employs load state encoding and
long short-term memory (LSTM) neural networks. Compared to PGTNet,
it incorporates more fine-grained inter-case features, capturing workloads at
performance-critical activities. Since the performance difference across its
variants is minor, we use the system-based variant.

— Congestion graphs |21]: An inter-case-aware approach that extracts activity-
level workloads and inter-arrival times to create a tabular dataset for training
an XGBoost model. Compared to LS-ICE and PGTNet, it leverages more
granular inter-case features, and relies on tree-based machine learning.

! https://github.com /keyvan-amiri/QTab,
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To ensure a fair comparison, QTab and all three baselines use the same intra-
case features; thus, performance differences depend solely on how inter-case in-
formation is modeled and on the choice of predictive model. All models—except
PGTNet, which only supports prefixes of length two or more—are trained on
prefixes of length one to m — 1, where m is the case length. For prefixes of
length 1, we use a simple heuristic for PGTNet, predicting the median remain-
ing time of training prefixes of the same length. For all three baselines, we adopt
the configurations recommended in the original papers |2}13}/21].

QTab configuration. To reduce the number of nodes in the queuing network,
roles were used as nodes for the BPIC17W log, which contains substantially
more resources than the remaining event logs, while resources were used for all
other logs. In the BPIC15 logs, infrequent resources (involved in less than 1% of
activities) were grouped under "Others". The preprocessing of tabular features
follows the standard pipeline implemented in TabArena [9] with some additions.
Numerical features were normalized with scikit-learn’s quantile transformer, with
missing values imputed by the mean. Categorical features were one-hot encoded,
with missing values treated as a separate category. The target variable (remain-
ing time) was log-transformed and standardized to zero mean and unit variance
during training and rescaled to its original scale for evaluation. For both, TabM
and XGBoost models, we use the default hyperparameters in TabArena [9].
Training setup. TabM is trained using Mean Squared Error and the Adam
optimizer for up to 200 epochs, with early stopping patience of 5 epochs. The
validation set is used exclusively for early stopping during training. Due to tem-
poral and concept shifts in the data, hyperparameter tuning carries a high risk of
overfitting. Therefore, we do not conduct hyperparameter optimization. Instead,
as described in we rely on heavy ensembling of one configuration to
improve performance.

Evaluation metrics. We use Mean Absolute Error (MAE) to evaluate predic-
tion error due to its robustness against outliers [28]. In addition, we report the
normalized MAE (nMAE) [20], which contextualizes performance relative to a
simple baseline. nMAE is defined as

> i lyi — il
Z?;eit |yz - ﬂtrainl ’
where y; and g; denote the true and predicted remaining time of prefix 2, respec-
tively, and ¥irain is the median remaining time in the training set. An nMAE of
1 corresponds to the baseline that always predicts i ain. Values below 1 indicate
that the model outperforms this baseline, while values above 1 indicate worse
predictive performance and limited generalization |20].

nMAE =

(1)

4.2 Experimental Results

reports the mean and standard deviation of the MAE for each remaining
time prediction approach across the eight event logs, along with the correspond-
ing average nMAE values computed over five runs with different random seeds.
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Table 2: Average MAE in days, reported as mean with standard deviation, and
nMAE of remaining time prediction approaches, computed over five runs with
different random seeds. Congestion graph is abbreviated as CG.

Event log MAE nMAE

PGTNet LS-ICE CG QTab PGTNet LS-ICE CG QTab
P2P 14.4 (0.5)  23.1(0.4) 13.8 (0.0)  14.1 (0.0) 0.68  1.09 0.65 0.66
BPIC1TW 5.8 (0.0) 7.0 (0.2) 8.0 (0.4) 5.8 (0.0) 0.86 1.04 1.18 0.86
BPIC20ID 14.7 (0.7) 22.8 (0.4) 13.6 (0.1) 12.6 (0.0) 0.75 1.17 0.69 0.63
BPIC20DD 4.1 (0.0) 6.1 (0.0) 4.4 (0.0) 4.0 (0.0) 0.84 1.25 0.90 0.83
BPIC20PTC 9.1 (0.6) 11.9 (0.3) 8.8 (0.0) 8.1 (0.0) 092 121 0.89 0.81
BPIC15-1 22.0 (1.4)  32.8 (2.1) 224 (0.9) 20.0 (0.1) 0.74  1.10 0.75 0.68
BPIC15-5 38.3 (8.5) 36.2 (7.8) 30.6 (1.2) 25.4 (0.3) 0.96 0.91 0.77 0.64
Helpdesk 5.7 (0.5) 18.7 (0.3) 9.9 (0.3) 6.8 (0.1) 0.48 1.59 0.84 0.57
Win Rate 2/8 0/8 1/8 6/8 2/8 0/8 1/8 6/8
Average 0.78 1.17 0.83 0.71

QTab achieves the highest predictive accuracy on six of the eight logs. On aver-
age, QTab attains the lowest nMAE of 0.71, compared to 0.78 for the next-best
approach, PGTNet.

Statistical significance. To evaluate whether the observed differences in pre-
dictive performance between models are statistically significant, we compare all
pairs of models using the Wilcoxon signed-rank test on nMAE values (Table 3.
The superior performance of QTab is significant for the comparison to congestion
graphs and LS-ICE. The better average performance compared to PGTNet is
not statistically significant at the conventional 95% confidence level (p = 0.11).
Since the comparison is based on eight event logs, statistical significance tests
have limited power. We therefore additionally report effect sizes and median
performance differences. As shown in both measures consistently favor
QTab, indicating that its empirical improvements over PGTNet remain practi-
cally meaningful despite the absence of statistical significance at the 95% level.

Table 3: Wilcoxon signed-rank test results for pairwise model comparisons on
nMAE. Columns report the test statistic (W), p-value, median difference in
nMAE, and effect size (rank-biserial correlation).

Comparison Test Statistic p-value Median Effect

(W) Difference Size
QTab > LS-ICE 0.0 0.008 0.421 1.00
QTab > Congestion graph 1.0 0.016 0.075 0.75
QTab > PGTNet 6.0 0.109 0.041 0.50
Congestion graph > PGTNet 16.0 0.844 -0.007 0.00
Congestion graph > LS-ICE 2.0 0.023 0.348 0.75
PGTNet > LS-ICE 1.0 0.016 0.385 0.75

Contributions of inter-case features and TabM model. We conduct an
ablation study to disentangle the contributions of inter-case features and model
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Table 4: nMAE for remaining time prediction: average and standard deviation
across five random seeds. Congestion graph is abbreviated as CG.

Event log XGBoost TabM

CG QTab Combined CG QTab Combined
P2P 0.65 (0.00) 0.63 (0.00) 0.65 (0.00) 0.62 (0.00) 0.66 (0.00) 0.66 (0.00)
BPIC1TW 1.18 (0.06) 0.87 (0.00) 0.89 (0.01) 0.87 (0.00) 0.86 (0.00) 0.86 (0.00)
BPIC20ID 0.69 (0.01) 0.65 (0.00) 0.64 (0.00) 0.60 (0.00) 0.63 (0.00) 0.59 (0.00)
BPIC20DD  0.90 (0.00) 0.84 (0.00) 0.83 (0.00) 0.83 (0.00) 0.83 (0.00) 0.81 (0.00)
BPIC20PTC 0.89 (0.00) 0.86 (0.00) 0.83 (0.00) 0.81 (0.00) 0.81 (0.00) 0.80 (0.00)
BPIC15-1 0.75 (0.03) 0.79 (0.03) 0.74 (0.01) 0.69 (0.00) 0.68 (0.00) 0.68 (0.00)
BPIC15-5 0.77 (0.03) 0.62 (0.01) 0.73 (0.02) 0.57 (0.01) 0.64 (0.01) 0.57 (0.01)
Helpdesk 0.84 (0.03) 0.64 (0.02) 0.59 (0.01) 0.53 (0.00) 0.57 (0.01) 0.56 (0.01)
Average 0.83 (0.02) 0.74 (0.01) 0.74 (0.01) 0.69 (0.00) 0.71 (0.00) 0.69 (0.00)

capacity to QTab’s strong performance. We train both XGBoost and TabM
models using inter-case features derived from QTab, congestion graphs, or their
combination . Since all feature sets share identical intra-case features,
differences in performance directly reflect the impact of inter-case features and
the expressive power of the predictive model.

Except for BPIC15-1, XGBoost achieves higher accuracy with QTab features
than with congestion graphs, with the largest gains on BPIC17W, Helpdesk, and
BPIC15-5. A Wilcoxon signed-rank test on nMAE confirms that these improve-
ments are statistically significant (p = 0.05). This observation is consistent
with the limited representational capacity of traditional tree-based models such
as XGBoost, whose performance is constrained by parameters such as maximum
tree depth, making them more sensitive to the quality of inter-case features. In
contrast, for TabM, the performance gap between the two feature sets is much
smaller, and no statistically significant difference is observed between them. The
higher expressive capacity of TabM enables it to learn more complex feature
interactions, making its predictive performance less sensitive to the choice of
inter-case feature representation. Nevertheless, QTab’s resource-centric queuing
features remain competitive with congestion graph features under TabM, demon-
strating that they continue to provide useful predictive information even when
paired with highly expressive tabular neural networks.

Combining both feature sets does not always improve accuracy, but for some
event logs (e.g., BPIC20ID, BPIC20DD, and BPIC20PTC), it yields lower MAE,
indicating that workloads and inter-arrival patterns inferred from activity tran-
sitions and resource handovers can be complementary.

Efficiency and performance trade-off. We evaluate QTab’s scalability in
feature extraction and its efficiency during training and inference by comparing
its runtime to baseline approaches. Training time encompasses both constructing
the training dataset from the event log and fitting the model, while inference time
includes feature extraction and predicting the remaining time for each prefix. All
experiments were executed on identical hardware (NVIDIA RTX A6000 GPU)
to ensure fairness in runtime comparisons.
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Figure 3| illustrates the trade-off between predictive performance (y-axis,
measured by nMAE) and computational cost on a log-scale (x-axis), shown sep-
arately for training time and inference time.
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Fig.3: Trade-off between performance (nMAE) and runtime for training (left)
and inference (right). Each point shows a model’s performance on a single event
log. The larger points represent the average across all logs, normalized to 1000
samples prior to averaging. Points closer to the lower-left region of each subplot
represent models that achieve both low error and low runtime; the dashed line
highlights the Pareto front.

Notably, all Pareto-dominant points are approaches utilizing a tabular repre-
sentation demonstrating the strong performance vs. efficiency trade-off compared
to deep learning approaches for sequential data. XGBoost using our queue fea-
tures is the most training time efficient approach. Using TabM further improves
the performance at the cost of an increased training time. While better perfor-
mance can be achieved using CG features or a combination of both feature sets,
this comes with a severe increase in training and particularly inference time. This
overhead stems primarily from the expensive feature extraction, which generates
large congestion graphs for processes with many activities, such as a graph with
398 nodes and 4,807 edges in the BPIC15-1 log. Extracting multiple features for
every node and edge is therefore computationally intensive. QTab avoids this
complexity through flexible aggregation of organizational entities (e.g., collaps-
ing activities to roles), enabling a much more efficient feature extraction process.
Our results demonstrate that both of our proposed innovations, using queuing
features as well as a tabular neural network, are crucial for practical applica-
bility. The resource-centric structure of the underlying queuing network greatly
improves the efficiency compared to previous approaches, while using a tabular
neural network substantially improves predictive performance.
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Limitations. While QTab enables the extraction of fine-grained yet scalable
inter-case features, it still relies on several design choices that introduce limita-
tions. First, although batch processing effects are implicitly reflected in arrival
and departure features, QTab currently offers no explicit feature engineering sup-
port for such mechanisms. For example, in a logistic process where dispatching
depends on both resource availability and product readiness, the manufacturer
may delay dispatching until a minimum batch size is reached. Second, our ap-
proach relies on reconstructed start timestamps when event logs contain only
completion times. Although we employ a state-of-the-art repair approach [5|, in-
accuracies in reconstructed timestamps may still influence workload and queue-
related features. Evaluating the sensitivity of QTab to reconstructed start times-
tamps remains a direction for future work. Finally, our empirical findings are
based on eight event logs; while they provide diverse evidence and consistently
favor QTab in average performance, broader generalization would benefit from
experiments on additional datasets and from further investigating the trade-offs
between resource- and role-based queuing networks.

5 Conclusion

By integrating queuing theory, process mining, and modern tabular machine
learning into a unified framework, this work advances the broader goal of ef-
ficient and accurate predictive process monitoring. To this end, we introduced
QTab, a novel approach for inter-case-aware remaining time prediction in busi-
ness processes. QTab models resource interactions using a queuing network, from
which it derives fine-grained inter-case features. By explicitly capturing conges-
tion at resource-to-resource handovers, it addresses a key limitation of existing
approaches—such as congestion graphs, load state encoding, and performance
spectrum—that largely neglect the role of resource interactions. QTab utilizes
a neural network ensemble for remaining time prediction, eliminating reliance
on traditional tree-based models while retaining the scalability and efficiency of
tabular encoding. Experiments on eight real-world event logs show that QTab
achieves competitive-to-superior predictive accuracy compared to state-of-the-
art tree-based and deep learning approaches, while offering improved scalability
and efficiency.

This work opens several avenues for future research. Because the queuing
network is updated continuously as events occur, QTab naturally supports pre-
dictive analytics over event streams and may help mitigate the impact of concept
drift. The diversity among QTab’s neural network ensemble members could also
be leveraged for uncertainty-aware remaining time prediction, yielding predic-
tion intervals rather than point predictions. Furthermore, its explicit modeling of
congestion at resource handovers provides a foundation for explainable remaining
time prediction by exposing operational bottlenecks and resource interactions.
Finally, incorporating alternative tabular neural networks, such as TabPFN [14]
or RealMLP [15], offers a promising direction for assessing how different models
affect the accuracy of remaining time prediction.
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