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 A B S T R A C T

Next activity prediction is one of the main tasks of Predictive Process Monitoring (PPM), enabling organizations 
to forecast the execution of business processes and respond accordingly. Deep learning models are effective at 
predictions, but with the price of intensive training and feature engineering, rendering them less generalizable 
across domains. Large Language Models (LLMs) have been recently suggested as an alternative, but their 
capabilities in Process Mining tasks are still to be extensively investigated. This work introduces a framework 
leveraging LLMs and Retrieval-Augmented Generation to enhance their capabilities for predicting next 
activities. By leveraging sequential information and data attributes from past execution traces, our framework 
enables LLMs to make more accurate predictions without additional training. We evaluate the approach 
on a wide range of event logs and compare it with state-of-the-art techniques. Findings show that our 
framework achieves competitive performance while being more adaptable across domains. Moreover, we 
assess early prediction capabilities, validate the significance of observed differences through statistical testing, 
and explore the impact of fine-tuning. Despite these advantages, we also report the framework’s limitations, 
mainly related to interleaving activity sensitivity and concept drifts. Our findings highlight the potential of 
retrieval-augmented LLMs in PPM while identifying the need for future research into handling evolving process 
behaviors and the development of standard benchmarks.
1. Introduction

Business processes are at the core of modern organizations, governing 
the execution of tasks and the flow of information across various 
domains. In this context, Process Mining [1] has emerged as a 
powerful discipline that leverages event logs to discover, monitor, 
and improve processes. Traditionally, process mining has been 
applied in a retrospective manner, focusing on process discovery, 
conformance checking, and model enhancement. However, the 
increasing availability of event data tracing the process executions 
and the advancements in machine learning and predictive analytics 
have led to the rise of Predictive Process Monitoring (PPM) [2], which 
extends conventional process mining techniques by enabling real-time 
predictions about the future of an ongoing case.

PPM aims to anticipate various aspects of a process instance, such as 
its final outcome, the remaining time until completion, or the sequence 
of future activities [3]. The ability to foresee these aspects can be highly 
beneficial for organizations, allowing them to take proactive measures 

I This article is part of a Special issue entitled: ‘AI-Enhanced BPM’ published in Information Systems.
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to prevent undesirable outcomes, optimize resource allocation, and 
improve overall process efficiency [4]. Indeed, unlike traditional busi-
ness process monitoring, which is typically reactive [5], PPM enables 
organizations to intervene before critical events occur.

Recent advancements in Artificial Intelligence and, specifically, in 
Large Language Models (LLMs) have opened new avenues for PPM 
research. LLMs have demonstrated remarkable capabilities in natural 
language understanding and generation, leading previous literature to 
explore their potential in Business Process Management and process 
mining [6–8]. In particular, LLMs can be leveraged for next activity 
prediction, a fundamental PPM task where the objective is to predict 
the next event in an ongoing process instance based on historical 
traces from an event log [7].

Our work explores the effectiveness of LLMs in next activity pre-
diction through a data-driven approach, comparing different models in 
terms of predictive accuracy and robustness. Unlike traditional machine 
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learning approaches that rely on structured event log data and fea-
ture engineering [9,10], as well as existing LLM-based methodologies 
already developed for this task [11], we propose an LLM-based frame-
work that leverages in-context learning (ICL) and retrieval-augmented gen-
eration (RAG) to enhance the predictions by also considering the values 
of the attributes of the events in the traces. To the best of our knowl-
edge, this is the first approach to next activity prediction that leverages 
RAG to enhance the predictions generated by the LLM. We have as-
sessed the performance of various LLMs embedded in a PPM monitoring 
framework, considering multiple event logs from different domains. 

This work investigates the following research questions (RQs) di-
rected at evaluating the performance of the framework in different 
settings:

RQ1: How effective is the approach on real and synthetic logs from 
various domains, and how does it compare with and without RAG?RQ2:
Is the approach effective compared to the baseline?RQ3: How robust is the 
performance of the LLMs embedded in the proposed approach?

By addressing these questions, we aim to provide a comprehen-
sive evaluation of LLM-based next activity prediction and its potential 
implications for PPM. Specifically, we assess the performance of the 
framework on several (real-world and synthetic) event logs under 
multiple experimental configurations by varying the employed LLM, 
embedding model, and the bucketing strategy for the trace prefixes. 
We also provide a comparison with state-of-the-art techniques over 
a wide variety of event logs. Furthermore, we verified the statistical 
significance of the empirical findings through posthoc tests (namely, 
the Friedman and Nemenyi tests) and we investigated the earliness 
capabilities of the LLMs within the framework, offering an overview of 
how their predictive performance varies with different prefix lengths. 
Finally, we also explore the impact of fine-tuning on the next activity 
prediction task to discover how this can impact the overall performance 
and computational efficiency of the framework. The experimental re-
sults reveal that the proposed framework achieves high accuracy and 
macro-averaged performance, demonstrating also its robustness for the 
task, even avoiding costly fine-tuning processes for the employed LLM.

The rest of the paper is structured as follows. Section 2 provides the 
necessary background information, while Section 3 presents a detailed 
overview of related work to contextualize the proposed approach, 
which is introduced in Section 4. Section 5 describes the experimental 
setup and discusses the results. Section 6 examines potential threats to 
the validity of the study. Finally, Section 7 presents the conclusions.

2. Background

This section presents the necessary background information and 
definitions to facilitate understanding of the rest of the paper.

2.1. Event logs

Definition 1 (Event). An event represents an atomic occurrence in a 
process execution. Formally, let  be the universe of all possible events. 
Each event 𝑒 ∈  is characterized by a tuple:

𝑒 = (𝑐𝑎𝑠𝑒_𝑖𝑑, 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦, 𝑡𝑖𝑚𝑒𝑠𝑡𝑎𝑚𝑝, 𝐴1, 𝐴2,… , 𝐴𝑛)

where:

• 𝑐𝑎𝑠𝑒_𝑖𝑑 is a unique identifier of the process instance (case) to 
which the event belongs.

• 𝑎𝑐𝑡𝑖𝑣𝑖𝑡𝑦 ∈  represents the activity associated with the event, 
where  is the set of all possible activities.

• 𝑡𝑖𝑚𝑒𝑠𝑡𝑎𝑚𝑝 ∈ T denotes the time at which the event occurred, 
where T is the set of all timestamps.

• 𝐴1, 𝐴2,… , 𝐴𝑛 are additional attributes providing further details 
about the event.
2 
Definition 2 (Trace). A trace is a finite sequence of events that repre-
sent the execution of a single process instance, i.e., a case. Formally, a 
trace 𝜎 is defined as:
𝜎 = ⟨𝑒1, 𝑒2,… , 𝑒𝑚⟩

where each event 𝑒𝑖 ∈  belongs to the same process instance and 
follows a strict total order based on the timestamps, i.e., 𝑡𝑖𝑚𝑒𝑠𝑡𝑎𝑚𝑝(𝑒1) <
𝑡𝑖𝑚𝑒𝑠𝑡𝑎𝑚𝑝(𝑒2) < ⋯ < 𝑡𝑖𝑚𝑒𝑠𝑡𝑎𝑚𝑝(𝑒𝑚).

Definition 3 (Prefix Trace). Given a trace 𝜎 = ⟨𝑒1, 𝑒2,… , 𝑒𝑚⟩, a prefix 
trace of length 𝑘 (1 ≤ 𝑘 < 𝑚) is a truncated version of 𝜎 containing only 
the first 𝑘 events:
𝑝𝑟𝑒𝑓𝑖𝑥𝑘(𝜎) = ⟨𝑒1, 𝑒2,… , 𝑒𝑘⟩.

The prefix trace represents the partial execution of a process instance.

Definition 4 (Event Log). An event log  is a set of traces:
 = {𝜎1, 𝜎2,… , 𝜎𝑛}

where each trace 𝜎𝑖 corresponds to a distinct execution of the process, 
i.e., it contains all observed process instances.

2.2. Predictive process monitoring

PPM is a subfield of process mining focused on forecasting the future 
behavior of an ongoing (i.e., incomplete) process instance [2]. This 
includes making predictions about the outcome of a process execution, 
estimating the remaining time until completion, or forecasting the 
sequence of upcoming activities.

The ability to anticipate the outcome of a process instance, estimate 
its completion time, or determine the forthcoming activities is highly 
beneficial across various domains. For instance, early detection of 
potential deviations, failures, or delays in industrial and manufactur-
ing processes enables organizations to take proactive measures, thus 
mitigating risks and optimizing process efficiency. Unlike traditional 
reactive monitoring techniques [5], where process violations or delays 
are only identified after they occur, predictive monitoring allows or-
ganizations to anticipate issues in advance and implement preventive 
strategies.

Driven by advancements in many research field such as Data 
Science, Predictive Analytics, and Artificial Intelligence, predictive 
methodologies have gained increasing popularity also within process 
mining and have become an essential component of modern pro-
cess mining tools, supporting real-world applications in organizational 
decision-making [10,12].

PPM techniques generally rely on historical execution data to fore-
cast the future course of an ongoing process instance. The predictive 
models used in this field typically operate in two phases: (i) a training
phase, where models learn from historical, completed execution traces, 
and (ii) a prediction phase, where these trained models are queried to 
predict the future behavior of an active process instance.

Despite being a relatively young research area, PPM has experienced 
rapid growth in recent years [9] and research in this area can be 
categorized according to three main dimensions:

• Prediction Type: The nature of the predictions generated by the 
model.

• Methodological Approach: The computational techniques employed 
for making predictions.

• Input Information: The types of data used as input for the 
prediction’s generation.

Regarding the type of predictions, prior research [9] has identified 
three primary categories:

• Outcome-based predictions: Forecasting predefined categorical or 
boolean outcomes of a process instance.
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• Numeric value predictions: Estimating quantitative measures of 
interest, often represented as continuous or discrete numerical 
values.

• Next activity predictions: Predicting the sequence of forthcoming 
activities (possibly) along with their associated data attributes.

In this paper, we focus on proposing a new technique for the next 
activity prediction task.

2.2.1. Next activity prediction
Among the various predictive tasks in PPM, one of the most 

fundamental and widely studied problems is next activity prediction [9].
Next activity prediction relies on historical process execution traces 

to learn patterns in event sequences. Given a prefix trace extracted 
from an event log, the objective is to determine the most likely subse-
quent event based on past traces with similar behavioral patterns. This 
prediction is typically informed by the control-flow perspective, which 
considers solely the sequence of activities.

Formally, let  be an event log, and let 𝜎 ∈  be a trace of that 
log, where 𝜎 = ⟨𝑒1, 𝑒2,… , 𝑒𝑚⟩ is an ordered sequence of events. A prefix 
trace of 𝜎 is defined as 𝜎𝑝 = ⟨𝑒1, 𝑒2,… , 𝑒𝑛⟩ with 𝑛 < 𝑚, denoted as 𝜎𝑝 ⊑ 𝜎.

The goal of the next activity prediction task is to determine the next 
event 𝑒𝑛+1 such that:
𝜎 = ⟨𝑒1, 𝑒2,… , 𝑒𝑛, 𝑒𝑛+1,… , 𝑒𝑚⟩.

The predicted event 𝑒𝑛+1 must either be explicitly present in the 
event log  or derived as a result of a generalization starting from the 
log’s traces.

2.2.2. Bucket strategies
In PPM, bucket strategies define how prefixes of traces are selected 

from full event logs to train and evaluate prediction models. Two 
common strategies are the single bucket approach, where all possible 
prefixes from each trace are used, and gap-based or multi-bucket ap-
proaches, which sample prefixes at regular intervals (e.g., every 2 or 3 
events). While the single bucket strategy provides a fine-grained view 
of process execution over time, it can lead to large and unbalanced 
datasets, particularly when trace lengths vary significantly. To mitigate 
computational costs and reduce redundancy, gap-based strategies are 
often employed, as suggested in prior work [13]. These strategies 
aim to balance between data granularity and efficiency, making them 
well-suited for scalable predictive techniques.

2.3. Large language models

LLMs are computational models for Natural Language Process-
ing (NLP) that provide powerful capabilities for understanding and 
generating human-like text [14]. Built on advanced transformer-based
architectures, LLMs leverage self-attention mechanisms to capture re-
lationships within input sequences and produce coherent output [15]. 
Models such as GPT [16], LLaMA [17], Mistral [18], and Phi [19], 
which comprise billions of parameters and are pre-trained on massive 
datasets, excel across several tasks from natural language question-
answering [20] to code explanation and generation [21]. Recently, the 
Deepseek family of models represented a significant advancement in 
the development of efficient and scalable LLMs, particularly regarding 
their reasoning capabilities [22]. Moreover, by employing knowledge 
distillation techniques, these models manage to transfer the capabilities 
from larger models into smaller, more deployable architectures while 
maintaining competitive performance [22,23].

Despite their versatility, general-purpose LLMs are not optimized 
for domain-specific applications and can, thus, generate inaccurate 
information (i.e., hallucinations) [24]. Therefore, in specialized contexts 
and tasks, challenges arise due to the domain knowledge inherited from 
potentially outdated or biased training datasets [25].
3 
Fine-tuning is commonly adopted to adapt LLMs to particular tasks. 
By training pre-trained models on task-specific datasets, fine-tuning 
enhances their performance and answers’ relevance for specialized 
applications. However, the resource-intensive nature of this technique, 
including substantial computational and data requirements, can be a 
limiting factor [26]. In this scenario, a possible alternative is embod-
ied by in-context learning (ICL) [27]. Leveraging carefully engineered 
prompts containing examples and explicit instructions, ICL allows 
LLMs to perform zero- or few-shot learning, guiding them to generate 
contextually appropriate responses without additional training.

ICL can be further strengthened by Retrieval-Augmented Generation
(RAG), which improves the accuracy and reliability of LLM outputs, 
particularly in knowledge-intensive tasks [28]. RAG is an approach 
designed to enhance the capabilities of LLMs by combining their inher-
ent knowledge with specialized, vast, and dynamic information coming 
from external knowledge repositories. RAG operates by retrieving rel-
evant information based on similarity metrics with the user’s input 
and integrating it into the prompt provided to the LLM, effectively 
leveraging ICL to utilize the additional knowledge.

In brief, RAG enriches the LLM’s initial prompt by augmenting 
it with pertinent external information retrieved through search al-
gorithms [25]. This additional context allows the model to produce 
more precise and contextually aware responses. RAG achieves this by 
incorporating a retriever and a generator into its architecture, following 
a three-step process: retrieve, augment, and generate.

• Retrieve: The user query 𝑥 is used by the retriever 𝑝𝜂(𝑧|𝑥), param-
eterized by 𝜂, to identify and retrieve relevant context (e.g., text 
documents 𝑧) from an external knowledge base. Using an embed-
ding model, the query is embedded into a vector space, where it 
is matched against entries in a vector database. The retrieval step 
selects the 𝑘 most similar documents based on vector similarity.

• Augment : The retrieved documents are combined with the orig-
inal query to create an augmented prompt template. This en-
hanced prompt provides the LLM with the necessary contextual 
information to address the query more effectively.

• Generate: The retrieval-augmented prompt is input to the LLM, 
which uses the additional context to generate a response that 
reflects the enriched information from the retrieved chunks.

In this work, we rely on LLMs to perform the next activity prediction 
task by leveraging prompts enriched with RAG.

2.4. Embedding models

An embedding model is a machine learning model that converts 
discrete, categorical data (e.g., text, images, or, in this work, trace 
prefixes) into continuous vectors, typically in a high-dimensional 
space [29]. These models aim to capture the semantic relationships and 
underlying structure of the data.

Early approaches, such as traditional TF-IDF and static 
Word2Vec [30], focused on generating embeddings for individual 
words. However, modern, dynamic, and contextualized approaches 
leverage advanced architectures to create embeddings for entire 
sentences and paragraphs. Models based on the Transformer [15], 
such as BERT [31], use self-attention mechanisms to weigh the 
importance of different words in a sequence, capturing nuanced 
semantic relationships.

Sentence embedding models are optimized for tasks like semantic 
search, clustering, and paraphrase identification. For example, models 
from the Sentence-Transformers1 library are widely used due to their 
efficiency and strong general-purpose performance. More recently, 
novel long-context embedding models, such as those by Jina AI [32], 

1 https://www.sbert.net/

https://www.sbert.net/
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have emerged for encoding longer sequences of tokens, making them 
particularly suitable for lengthy process execution traces.

Embedding models form the backbone of the RAG systems [25]. By 
converting both the user’s query and the documents in a knowledge 
base into embeddings, the system can efficiently find the most relevant 
information using vector similarity search. In our work, this retrieved 
context, i.e., relevant past cases, is then used by an LLM to generate a 
more informed and accurate prediction about the next activity.

3. Related work

Next activity prediction is a critical task revealing business processes 
inefficiencies and driving process owner decisions [33]. For this reason, 
various approaches and numerous applications for predicting the next 
activity in a case have been introduced in the last decades. Previous 
studies focused on the adoption of traditional machine learning meth-
ods [34], considering numeric and categorical attributes. However, 
these methods struggled in terms of performance with sequential data, 
semantic, and free-text information  [35].

To address these limitations, deep learning techniques have been 
widely explored in a business process [36–38], including Convolutional 
Neural Networks [39–41] and recurrent architectures such as Long 
Short-Term Memory (LSTM) networks. For instance, authors in [42] 
propose an LSTM-based approach to predict sequences of next events 
within their timestamp and the associated resources. However, the 
effectiveness of this approach is strongly reduced when there are 
activities with numerical attributes. Similarly, LSTM neural networks 
are used in [3] to perform several PPM tasks, demonstrating that 
LSTMs outperform alternative baseline techniques to predict the next 
activity and its timestamp on a running case. The method introduced 
by [36] is based on LSTM architecture to predict the next event in 
an ongoing trace. The authors note that it can be extended to predict 
other attributes, such as an event’s duration. Specifically, categorical 
variables are represented using embedding techniques, transforming 
them into high-dimensional continuous vectors. The model consists of 
two hidden-layer LSTMs trained over one hundred epochs, with the 
input dimension varying based on the embedding representation.

An encoder–decoder framework to predict the next activity in an 
ongoing case is also introduced by Lin et al. [43], which leverages all 
available log information for prediction tasks and applies random em-
bedding to represent each event and its attributes. Instead, a predictive 
process approach based on a combination of multi-view learning and 
deep learning is proposed in [44] to enhance accuracy by considering 
diverse information from event logs. The study describes several experi-
ments using benchmark event logs to compare this approach’s accuracy 
with existing methods in the literature. In contrast, [45] explored an 
adaptation of Generative Adversarial Networks (GANs) to sequential 
temporal data for the next event prediction. The training process 
consists of a two-player game where one neural network competes 
against another, resulting in predictions that are indistinguishable from 
ground truth. The authors highlight that the worst-case accuracy of 
their approach is at least equal to that of non-adversarial settings. Their 
experiments further demonstrate that this method improves prediction 
accuracy compared to baseline models and a simple network archi-
tecture. The analysis of the above-described studies shows that LSTM 
methods obtain good performance in the case of short sequential data 
but have reduced performance when free-text features, semantics, and 
long-term dependencies are considered.

More recently, the emergence of LLMs has inspired new stud-
ies based on their adoption in activity prediction tasks to overcome 
the above limitation. An evaluation of the ability of LLMs to solve 
semantics-aware PM tasks is proposed in [7]. The experiments show 
that LLMs struggle to tackle complex process mining tasks when 
there are few in-context examples. However, they perform well when 
fine-tuned to specific process tasks.
4 
To enhance LLM-based predictions, researchers in [46] introduce 
LUPIN, an LLM approach to predict, on a running process, the next 
activity suffix by encoding past process instances in semantic text 
stories. The concept of process semantic stories is also explored in [11], 
which uses a new algorithm including semantic context information of 
the process event logs to predict the next activity. The method, called 
SNAP, compared with eleven state-of-the-art models, shows significant 
performance when applied to datasets with high numbers of seman-
tic content. Finally, the authors in [47] introduce a PPM technique 
combining adversarial training with Vision Transformers to predict 
the next activity in a running process instance. This method considers 
multi-view information within a process trace, treating each view as a 
distinct patch of an image. Experiments on several benchmark event 
logs confirm the effectiveness of the approach compared to several 
state-of-the-art PPM techniques.

Differently from existing LLM-based methods which often focus on 
structuring process execution traces into semantic representations but 
overlook the data perspective, neglecting trace and event attributes 
in predictions, our framework integrates ICL and RAG, enabling pre-
dictions based on past process instances and data without requiring 
extensive fine-tuning.

Unlike traditional deep learning models, which rely on predefined 
feature engineering, our approach leverages LLMs’ inherent ability to 
process and generalize patterns from data, enabling it to dynamically 
adapt to event logs of various natures and domains without requiring 
task-specific optimization.

Additionally, in contrast to the previous literature, our study takes 
a broader perspective by evaluating multiple LLM-based predictors 
across diverse event logs. This systematic comparison highlights their 
robustness and adaptability, offering new insights into the potential and 
limitations of LLMs in PPM.

4. Methodology

In this section, we present the overall methodology for predicting 
the next activity of a trace prefix using a RAG-based approach. Fig.  1 
summarizes the complete framework. Our approach can be decomposed 
into two major parts:

• the Event Log Preprocessing, which happens offline, takes the XES 
event log in input and is responsible for its parsing to extract 
the formatted prefix traces and their storing as embeddings in a 
vector index; and

• the Next Activity Prediction, which happens online, receives as 
input the trace prefix over which performing the prediction of the 
next activity and it uses it to retrieve relevant past prefix traces 
from the vector store to leverage them for returning the prediction 
of the next activity.

4.1. Event log preprocessing

The Event Log Preprocessing phase takes place offline and is responsi-
ble for preprocessing the XES event log for the next activity prediction 
task. This step starts with the Log Parser, which extracts the traces from 
the XES event log in input while deleting eventual duplicates.

Once the log traces are obtained, the Log Parser generates possible 
prefixes based on a base number of events and a configurable gap 
between successive prefix lengths. The framework is designed to sup-
port multiple bucket strategies, from dense (i.e., including all possible 
prefixes) to more sparse sampling strategies based on fixed-length 
intervals. While including all prefixes can maximize the performance of 
the future predictions, it also introduces challenges such as exponential 
growth in the number of prefixes relative to the number of traces [48]. 
Each trace of length 𝑛 generates up to 𝑛 − 1 prefixes, leading to 
significant increases in storage and retrieval time within the vector 
index.
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Fig. 1. The overall architecture of the framework.
Fig. 2. The processing of a trace to produce the prefixes (in the example it is assumed a bucket strategy with base number of 1 and a gap of 2 events) is carried 
out by the Log Parser. The Trace Embedder computes the corresponding embeddings, which are then stored in the vector index.
Moreover, if the original traces differ greatly in length, longer cases 
will generate disproportionately more prefixes, potentially biasing the 
retrieval and LLM predictions toward these longer instances. To address 
these concerns, and in line with prior work such as [13], we also 
supported a gap-based filtering strategy, where only prefixes whose 
lengths equal a base plus multiples of a fixed gap (e.g., 1, 4, 7, 10 
for a gap of 3) are retained, allowing for more granular control over 
the density of stored prefixes. In Section 5, we test the framework with 
different gap configurations, including the single bucket strategy (i.e., a 
gap of one event), to explore their impact on retrieval and prediction 
performance, still maintaining the XES formatting [49].

The remaining prefixes are further refined by the Log Parser (see 
Fig.  2) that removes unary prefixes (i.e., those consisting of a single 
activity) and produces, for each of them, a structured string containing: 
(i) the sequence of activity labels it contains up to the penultimate one, 
(ii) the final values of each attribute at the end of the prefix, and (iii) 
the name of the next activity following the prefix (i.e., the last activity 
included in it).
5 
We chose to include only the final values of each data attribute 
for three main reasons. First, to remain within the LLM’s context win-
dow. Second, to ensure semantic relevance during retrieval and avoid 
performance degradation associated with processing long numerical 
sequences. Indeed, embedding a large number of numerical values 
can hinder the effectiveness of similarity-based retrieval methods, as 
it may lead to the selection of chunks that are numerically similar 
but semantically irrelevant, thereby reducing the quality of predictions. 
Third, to prevent further amplification of this issue due to the ‘‘lost in 
the middle’’ phenomenon observed in long-context LLMs [50].

Such standardized prefixes are then passed to the Trace Embedder, 
which produces for each trace prefix the corresponding dense, low-
dimensional vector representation (i.e., embedding) to be efficiently 
stored in a vector database and used in the following online stage to 
support the predictions.

4.2. Next activity prediction

Once the vector index has been constructed, containing the embed-
dings of all selected prefix traces from the event log, we proceed with 
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Fig. 3. The composition of the prompt for the LLM within the framework. The prompt is structured into five sections. The first three sections provide the LLM 
with its role, the specific prediction task, and the decision rules it should follow in making such a prediction. It also includes contextual information about the 
event log, such as the activity labels and attribute abbreviations, along with an illustrative example to ensure the model understands its task. The final two 
sections are dynamically generated and include the most similar trace prefixes retrieved from the vector store and the specific prefix for which a prediction is 
required.
the next activity prediction task. Given a prefix trace extracted from an 
execution of the business process recorded in the XES event log, our 
objective is to predict the next activity in the sequence.

The first step in this online stage is performed by the Trace Em-
bedder, which takes the given prefix trace as input and computes its 
corresponding embedding. The embedding is then used to conduct 
a similarity search on the vector index based on cosine similarity, 
retrieving the top 𝑘 most similar prefix traces from the past executions. 
During our experimentations, we found the value 𝑘 = 3 to provide an 
optimal trade-off between retrieving a sufficient number of relevant 
prefixes to enhance prediction accuracy and mitigating the risk of the
lost-in-the-middle phenomenon for longer contexts [50].

Once the most similar prefix embeddings are retrieved, they are 
mapped back to their corresponding event log traces. These retrieved 
traces serve as additional context for prompt engineering, enriching the 
input provided to the Predictor LLM. The Predictor LLM is responsible 
for generating the prediction of the next activity following the input 
prefix, leveraging both the retrieved historical information and the 
attributes associated with each trace.

The prompt2 designed for the Predictor LLM follows the structure 
presented in Fig.  3. We employed several well-established prompt 
engineering techniques to ensure reliable answers [51]. These in-
clude explicitly defining the LLM role to clarify its task and output 
style [52], as well as incorporating an example of prefix-prediction pair 
to facilitate one-shot ICL [53].

The complete prompt includes five main sections: (i) the defini-
tion of the LLM role and the specific task it needs to perform within 
the framework, i.e., the prediction of the next event, along with the 
decision rules the Predictor LLM should follow in predicting the next 
activity based on the context; (ii) contextual information about the event 
log under analysis, i.e., the allowed labels for the activities and a legend 
for the abbreviations used for the attributes’ names; (iii) a general
example to guide the model in understanding how to perform the task; 
(iv) the prefixes retrieved from the vector index that have the highest 
similarity to the prefix to be predicted, based on both the sequence of 
activities and the values of the associated attributes; and (v) the prefix 
over which performing the prediction, handled by the LLM according to 

2 The prompt structure is available at https://github.com/angelo-casciani/
rag_next_activity.
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the previous parts of the prompt. It is important to note that (i) and 
(iii) are fixed, while (ii), (iv), and (v) are dynamically generated. Notably, 
(ii) is derived from log-specific information, (iv) is retrieved from the 
vector store through semantic similarity, and (v) is selected from the 
test prefixes on which the predictions are performed.

Specifically, Fig.  3 provides a complete example of how the prompt 
is constructed. The LLM is instructed to act as an assistant for PPM 
and is tasked with predicting the next activity for a given execution 
prefix. To do so, the LLM follows the decision rules provided in the 
system message: it should examine the retrieved past traces, identify 
the one most similar to the input prefix based on the sequence of 
activities and the final values of the attributes, and return the most 
likely next activity. These rules are then followed by the list of allowed 
activity names for the prediction and the abbreviations used for data 
attributes, introduced to reduce token usage within the LLM’s context 
window. These elements are extracted by the Log Parser during the 
preprocessing stage. Next, the prompt includes a generic example us-
ing placeholder activity labels, helping the LLM understand the task 
and output format (e.g., \boxed{event4}). This is followed by the 
retrieved prefixes from the vector index, each accompanied by their 
corresponding attributes and next activity, serving as in-context exam-
ples. Finally, the prompt ends with the target prefix (e.g., < 𝑎, 𝑏, 𝑐 >) 
and its last known values for the data attributes (𝑔, ℎ, and 𝑖). In the 
given example, the correct prediction is activity 𝑑, as the target prefix 
shares the same activity sequence with the first retrieved prefix, has the 
same boolean value for 𝑔 (i.e., ‘‘𝑡𝑟𝑢𝑒’’), a similar string for ℎ (i.e., ‘‘𝐾𝑇 ’’ 
and ‘‘𝑇𝑇 ’’), and a close numerical value for 𝑖 (i.e., 20 and 22).

4.3. Implementation details

The framework was implemented in Python 3.10 and designed to 
run in a 64-bit environment.

For the implementation of the Event Log Preprocessing step, we 
employed several embedding models for testing (further details are 
provided in Section 5). Regarding the vector store, we used qDrant,3 
an open-source vector database designed for storing and querying 
high-dimensional embeddings, in its containerized version via Docker4 

3 https://qdrant.tech/
4 https://www.docker.com/

https://github.com/angelo-casciani/rag_next_activity
https://github.com/angelo-casciani/rag_next_activity
https://qdrant.tech/
https://www.docker.com/
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for easy deployment. The connection to the vector index is man-
aged through gRPC as the communication protocol.5 Specifically, the 
choice of qDrant was also motivated by its ability to preserve privacy 
and maintain local data ownership, an essential requirement in many 
real-world industrial applications of PPM. In our setup, all prefix em-
beddings and related log data remain on the local machine, ensuring 
compliance with data governance and confidentiality constraints.

For the Next Activity Prediction module, we used again the qDrant 
vector store for indexing and retrieving embeddings of prefixes. We 
also employed LangChain6 to support the interaction between prompt 
generation and the language model. As for the choice of the LLM, 
multiple models were tested, as described in the evaluation setup 
reported in Section 5.

It is important to note that the use of specific technologies 
(e.g., qDrant, Docker, LangChain) represents implementation-specific 
choices that serve to demonstrate the feasibility of our approach. These 
components can be substituted with alternative tools without affecting 
the overall architecture or methodology, which has been designed to 
be modular and extensible.

5. Experimental evaluation

This section discusses the experiments conducted to evaluate the 
correctness of the predictions returned by the methodology. To this 
end, in the following sub-sections, we describe the event logs used for 
the testing, the experimental setup, and the results.

5.1. Event logs

To quantitatively assess the proposed framework, we evaluated its 
performance on the next activity prediction task using six event logs 
comprising real-world and synthetic datasets.

5.1.1. Real-world event logs
For real-world event logs, we considered the BPI Challenge 2012, 

the BPI Challenge 2013 (in the ‘‘closed problems’’ and ‘‘incidents’’ ver-
sions), the BPI Challenge 2020 (specifically, its International Declarations
version), the Hospital Billing, and the Sepsis Cases datasets.

The BPI Challenge 2012 dataset captures the process of handling 
personal loan applications at a Dutch financial institution [54]. It 
consists of real-life event data extracted from an information system 
that supported the process, including milestones such as offer creation, 
acceptance, and finalization. The log includes a wide range of attributes 
associated with each event, such as organizational roles, timestamps, 
and resource identifiers, and it contains 262,200 events distributed 
across 13,087 traces. This dataset offers a suitable benchmark for 
evaluating PPM techniques thanks to the presence of multiple activ-
ities related to checks, approvals, and offers, especially in scenarios 
involving parallelism and complex decision logic.

The BPI Challenge 2013 dataset originates from Volvo IT Belgium 
and captures the execution of incident and problem resolution work-
flows in IT service management processes by the VINST system. The 
dataset is partitioned into three sub-logs: the incidents log, the open 
problems log, and the closed problems log, each representing different 
perspectives of the management lifecycle. For the purposes of our work, 
we focus on the closed problems [55] and the incidents [56] logs. The 
closed problems dataset includes cases that have reached a formal 
resolution, providing well-defined process traces, while the incidents 
dataset reflects the more dynamic and responsive aspects of IT service 
handling.

The BPI Challenge 2020 (International Declarations) dataset contains 
event data related to international travel declarations, comprising 

5 https://grpc.io/docs/what-is-grpc/introduction/
6 https://www.langchain.com/
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6,449 cases and 72,151 events [57]. It is a subset of the broader 
BPI Challenge 2020 dataset and spans two years of travel expense 
claims. The process begins when an employee submits a travel request, 
which is then forwarded to the travel administration for approval. If 
approved, the request is sent to the budget owner and subsequently to 
the supervisor. If the budget owner and supervisor are the same person, 
only one of these steps is required. In certain cases, the director must 
also approve the request. The process concludes either with the trip 
taking place or a payment request being submitted and processed. For 
international trips, additional supervisor approval is required, obtained 
by filing a travel permit, which must be approved before making 
any travel arrangements. To receive travel expense reimbursements, 
employees must file a claim. This can be done either immediately after 
incurring expenses (e.g., flight tickets or conference registration fees) or 
within two months after the trip (e.g., accommodation and meal costs, 
which are typically paid on-site).

The Hospital Billing event log was obtained from the financial 
modules of the ERP system of a regional hospital [58]. The event log 
contains events related to the billing of medical services provided by 
the hospital. Each trace of the event log records the activities executed 
to bill a package of medical services that were bundled together. 
The event log does not contain information about the actual medical 
services provided by the hospital. The 100,000 traces in the event log 
are a random sample of process instances that were recorded over 
three years. Events and attribute values have been anonymized. The 
timestamps of events have been randomized for this purpose, but the 
time between events within a trace has not been altered.

The Sepsis Cases event log captures real-life hospital cases of sepsis, a 
severe life-threatening condition typically caused by an infection [59]. 
Each case in the log represents a patient’s treatment through the hos-
pital. The events were recorded by the hospital’s Enterprise Resource 
Planning (ERP) system, resulting in a dataset of approximately 1,000 
cases and a total of 15,000 events covering 16 distinct activities. 
Additionally, 39 data attributes were logged, including details such as 
the responsible medical group, test results, and checklist information. 
To protect patient privacy, both event data and attribute values have 
been anonymized. While the event timestamps have been randomized, 
the relative time intervals between events within each trace remain 
unchanged.

5.1.2. Synthetic event logs
The synthetic event logs used in our evaluation include SL2-2v-1r,

SL3-multivariant, and Udon-ya.
The SL2-2v-1r log includes 27 activities, comprising four gate-

ways [33]. It defines two numeric attribute variables (A2.1 and A7.1), 
with only the first influencing gateway E3 by determining the subse-
quent activity based on non-overlapping intervals. The remaining two 
gateways are not affected by these variables.

The SL3-multi-variant log has been designed to generate a large 
number of process variants by leveraging combinations of multi-
selection predicate sequences. This structure intentionally increases the 
behavioral complexity of the process model and challenges the ability 
of the model to predict the next activity in the context of a highly 
branched workflow. As shown in Fig.  4, a distinguishing feature of 
this log is the extensive presence of decision points, which significantly 
increase the number of possible different execution paths. The repeated 
introduction of bifurcations results in a complex process structure, 
where numerous alternative branches can be selected. This design leads 
to a high degree of trace dispersion, complicating the identification 
of dominant execution patterns. Given the finite attention window of 
current LLMs, this aspect may introduce difficulties in preserving a 
complete representation of all possible trajectories. The primary intent 
here is to assess the limitations of LLMs in predicting the next activity in 
scenarios with a rapidly expanding set of alternatives. The cumulative 
effect of previous choices influences the quality of the internal process 

https://grpc.io/docs/what-is-grpc/introduction/
https://www.langchain.com/
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Fig. 4. Directly-follows graph of the SL3 multi-variant log.
representation, imposing constraints on the capacity of the model to 
maintain an accurate representation over an extended sequence.

These two synthetic logs were generated using a declarative log 
generator, introduced in [60], to produce event logs exhibiting the 
aforementioned properties needed for addressing the proposed research 
questions.

The Udon-ya dataset is a simulated event log in the XES format, 
representing operations in a fictional Japanese noodle restaurant [61]. 
The dataset contains 16,412 generated cases spanning one year, with 
a total of 674,486 events corresponding to 36 unique activities. It 
employs the lifecycle extension, providing start and complete events 
for each instance, along with scheduled events for a specific activity. 
Timestamps are realistically distributed according to daily and weekly 
business patterns. The underlying simulation model accounts for re-
source availability, capacity constraints, and queueing dynamics, which 
serve as the primary drivers of process behavior, alongside a mod-
erately complex control flow. The process includes looping behavior, 
interleaved concurrency, and event attribute-dependent control-flow 
routing. Additionally, the dataset incorporates five instances of tempo-
rary concept drift with varying impact, introducing dynamic changes 
within the overall process timeline.

5.2. Experimental setting

We evaluated the framework in its ability to correctly predict the 
next activity in a trace prefix in the event logs presented previously.

To produce the testing dataset for each event log, we processed 
its traces with the Log Parser to produce the formatted prefixes as 
exposed before. We divided such a dataset into retrieval and testing 
subsets, allocating 70% and 30% of the prefixes respectively. The 
retrieval dataset was then stored in the vector index and used for 
context retrieval to aid the next activity prediction by the Predictor 
LLM. Conversely, the testing dataset was processed to generate, for 
each test sample, a tuple < 𝑝𝑟𝑒𝑓𝑖𝑥, 𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑_𝑎𝑛𝑠𝑤𝑒𝑟 >, where prefix
represents the sequence of activities along with its attribute values 
and expected_answer corresponds to the correct next activity based on 
the prefix and its attributes. We selected 300 testing samples for each 
evaluation run.

To address RQ1, we assess the proposed methodology under various 
conditions. Specifically, we examine how RAG impacts the effective-
ness of the predictions and whether the framework’s performance is 
influenced by the nature of the event log, analyzing XES event logs 
from different domains and sources, including both real-world and 
synthetically generated logs. To assess the impact of prefix selection 
on storing, retrieval, and prediction performance, we experimented 
with different bucketing strategies for generating and storing prefixes 
in the vector index. In particular, we evaluated the performance of 
our framework using a gap of one activity (i.e., the single bucket 
strategy, which includes all possible prefix traces), as well as with 
gaps of three and five activities. This variation allows us to explore 
how denser or sparser prefix sampling influences the effectiveness 
of the prediction pipeline. Moreover, to better understand the role 
of embedding quality in retrieval-augmented next activity predic-
tion, we conducted a study comparing several sentence embedding 
models. We included two widely adopted lightweight models from 
the Sentence-Transformers library: all-MiniLM-L6-v27 and all-
MiniLM-L12-v28 (both with a maximum sequence length of 256 

7 https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
8 https://huggingface.co/sentence-transformers/all-MiniLM-L12-v2
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tokens and 384-dimensional vectors). These models offer fast inference 
and low memory usage, making them ideal for scenarios with limited 
computational resources or latency constraints. Comparing the 6-layer 
and 12-layer variants allowed us to quantify the performance gain 
achievable with increased model capacity at marginal additional cost. 
We also evaluated all-mpnet-base-v29 (384-token input, 768-
dimensional vectors), an encoder known for its strong performance 
across semantic similarity benchmarks, offering a higher-capacity al-
ternative within the same framework. To address the limitations of 
shorter context windows, we additionally tested three recent long-
context models from Jina AI: jina-embeddings-v2-base-en10 
and jina-embeddings-v3,11 both supporting inputs up to 8192 
tokens, and jina-embeddings-v4,12 which extends the input length 
to 32,768 tokens and produces 2048-dimensional embeddings. These 
models are specifically optimized for encoding lengthy textual inputs, 
allowing us to investigate whether retaining longer process histories 
leads to more accurate semantic representations, improved retrieval 
performance, and ultimately better predictive results.

On the other hand, RQ2 seeks to evaluate the effectiveness of our 
approach in comparison with existing techniques from the literature for 
next activity prediction on the selected real-world event logs. However, 
it is important to highlight that PPM research currently suffers from 
a well-known lack of standardization in terms of evaluation methods, 
metrics, and even datasets. As noted in recent studies [48,62], different 
works often adopt different preprocessing procedures, which lead to 
substantial variations in the input data and experimental settings. 
Moreover, while event logs from the BPI Challenge are commonly 
used, they were originally curated for general process mining tasks, 
not always aligning with the goals of PPM. In this context, the metrics 
reported across different baseline methods tend to vary considerably, 
making it difficult to directly compare all approaches on a shared set 
of performance indicators. Consequently, we focused our comparative 
evaluation on the accuracy, which is shared across the selected base-
lines, and on approaches considering a single bucket strategy, ensuring 
a fair and meaningful comparison.

Finally, to tackle RQ3, we evaluate the robustness of the different 
LLMs embedded into the framework by examining the consistency of 
their performance in the next activity prediction task across various 
event logs. To reinforce this analysis, we performed post-hoc statistical 
tests, i.e., Friedman test [63] followed by Nemenyi test [64], to assess 
whether the observed predictive performance among the models are 
statistically significant, based on their mean scores for each metrics 
across the considered datasets, and to rank the best models within 
the framework. We assumed as null hypothesis 𝐻0 to disprove that 
the LLMs within the framework deliver equal performance, while the 
alternative 𝐻1 was that their performance differences are statistically 
significant. Additionally, we investigated the prediction accuracy of 
the three top-performing LLMs (according to the previous test) over 
different prefix length intervals to assess their early prediction capabil-
ities. We considered the BPI Challenge 2020 International Declarations
and Sepsis Cases logs as they are among the most representative in 
terms of prefix length variability, providing a wide coverage across 
all prefix length buckets considered in this evaluation. This was done 

9 https://huggingface.co/sentence-transformers/all-mpnet-base-v2
10 https://huggingface.co/jinaai/jina-embeddings-v2-base-en
11 https://huggingface.co/jinaai/jina-embeddings-v3
12 https://huggingface.co/jinaai/jina-embeddings-v4

https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
https://huggingface.co/sentence-transformers/all-MiniLM-L12-v2
https://huggingface.co/sentence-transformers/all-mpnet-base-v2
https://huggingface.co/jinaai/jina-embeddings-v2-base-en
https://huggingface.co/jinaai/jina-embeddings-v3
https://huggingface.co/jinaai/jina-embeddings-v4
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by grouping prefixes into progressive intervals, ranging from very 
early to very late in the trace, and computing the accuracy within 
each group. Such an assessment shows how the framework behaves 
in early phases when less information is available and how predictive 
accuracy evolves as the process execution unfolds. Furthermore, we 
also investigated the impact of fine-tuning on the overall performance 
of the framework. Specifically, we applied parameter-efficient fine-
tuning using LoRA [65] to the best-performing open-source model in 
our evaluation, i.e., phi-4. Following the setup proposed in [7], we 
fine-tuned the model on the publicly available S_NAP dataset [66] using 
the AdamW algorithm [67], an initial learning rate of 1×10−5, gradient 
accumulation over 16 batches to simulate an effective batch size of 32, 
and we run the training for three epochs. The average training time 
per epoch was 21.7 hours, in line with the ones in [66]. We made the 
model available online for testing.13

To assess the performance of the framework, we used four main 
metrics: accuracy, precision (macro), recall (macro), and F1-score
(macro). Accuracy measures the proportion of correctly predicted 
instances over the total number of test prefixes, providing a straightfor-
ward assessment of overall correctness. By definition, accuracy ranges 
between 0 and 1. Precision (macro) computes the arithmetic mean 
of the precision values across all classes, ensuring that each class is 
given equal weight regardless of its frequency in the dataset. Similarly,
recall (macro) is obtained by averaging the recall scores of all classes, 
treating them uniformly to prevent bias toward dominant classes. F1-
score (macro) is the harmonic mean of precision and recall for a more 
balanced summarization of model performance. Specifically, this macro 
metric is calculated using the arithmetic mean of all F1-scores per class, 
treating all classes equally.

In our experimentation, we found that retrieving the top three most 
similar prefixes generates sufficient context for generating reliable 
predictions and avoids adding too many event log variants that might 
mislead the LLM.

To evaluate the generalizability of our approach across different 
language models, we tested a broad range of LLMs that differ in 
size, architecture, and training. Our selection includes primarily open-
source models to improve transparency and replicability of our study, 
which are also crucial for the real-world adoption of PPM techniques 
in industrial settings. Specifically, we evaluated: Llama-3.1-8B-
Instruct,14 Llama-3.2-1B-Instruct,15 and Llama-3.2-3B-
Instruct16 from MetaAI, Mistral-7B-Instruct-v0.217 and
Mistral-7B-Instruct-v0.318 from MistralAI, Qwen2.5-7B-
Instruct19 from Qwen, phi-420 from Microsoft, DeepSeek-R1-
Distill-Qwen-7B,21 and DeepSeek-R1-Distill-Llama-8B22 
from DeepSeek. These models were chosen to represent architectural 
diversity (e.g., transformer depth and attention mechanisms), differ-
ent instruction tuning strategies, and varying model capacities, from 
lightweight 1B models to more capable 7B/8B ones, allowing us to 
assess how model size impacts performance in the prediction task. 
We also included OpenAI’s gpt-4o-mini23 as a proprietary baseline, 
enabling us to compare open- and closed-source models.

The experiments were conducted on a workstation equipped with 
Linux/Ubuntu 22.04.3 LTS operating system and powered by an 
NVIDIA A100 GPU.

13 https://huggingface.co/angeloc1/autotrain-phi-ft-nap
14 https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
15 https://huggingface.co/meta-llama/Llama-3.2-1B-Instruct
16 https://huggingface.co/meta-llama/Llama-3.2-3B-Instruct
17 https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.2
18 https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.3
19 https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
20 https://huggingface.co/microsoft/phi-4
21 https://huggingface.co/deepseek-ai/DeepSeek-R1-Distill-Qwen-7B
22 https://huggingface.co/deepseek-ai/DeepSeek-R1-Distill-Llama-8B
23 https://openai.com/index/gpt-4o-mini-advancing-cost-efficient-
intelligence/
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5.3. Evaluation results

We now discuss the results of the quantitative evaluation of the 
framework in the next activity prediction task, according to the 
previously defined evaluation settings.

Rq1: how effective is the approach on real and synthetic logs from various 
domains, and how does it compare with and without rag?

To address RQ1, we conducted an evaluation of the proposed 
methodology using the event logs and the settings introduced earlier. 
Additionally, we leveraged multiple language models to assess their 
performance within the approach, enabling a more comprehensive 
analysis.

With vs. Without RAG evaluation. First, we evaluated the impact of RAG 
on the next activity prediction task across different LLMs and event logs 
(i.e., the real-world BPI Challenge 2020 (Int. Decl.) and the synthetic
SL3-multivariant event logs), with the results summarized in Table  1. As 
expected, incorporating contextual information significantly enhances 
performance. Specifically, shifting from a LLM that relies solely on task 
instructions and a single task example to one that also receives relevant 
context within the prompt, i.e., similar past trace prefixes from the 
event log, leads to a marked improvement in predictive accuracy for 
all the considered models and event logs.

Bucketing strategy evaluation. Thus, we proceeded with our assessment 
by varying the bucketing strategy, using the same event logs and the 
top-performing LLMs. In addition to the default setting with a gap of 1 
(i.e., single bucket), we also tested gaps of 3 and 5 events. The results 
in Table  2 show that for the BPI Challenge 2020 (International Declara-
tions) log, increasing the gap from 1 to 5 led to improved performance 
for Qwen2.5-7B-Instruct, while the other LLMs exhibited mixed 
results. The highest accuracy was achieved by phi-4 with a gap of 
3 (i.e., 0.94), although this is very close to the one obtained with 
the single bucket strategy (i.e., 0.93). Conversely, the results for the 
SL3-multivariant synthetic log show more modest performance, with 
accuracy ranging between 0.40 and 0.46 across all models and gaps, 
likely due to the high variability in the log. These findings highlight 
that the optimal gap may vary depending on the nature of the event 
log and the LLM’s ability to generalize across different prefix variants. 
For this reason, in the next experiments, we adopted the single bucket 
strategy to ensure consistency with the majority of the approaches from 
the literature (like the baselines considered in RQ2).

Embedding model evaluation. Afterwards, we varied the embedding 
model to understand its impact on the prediction accuracy. Table 
3 shows how the embedding model’s choice significantly affects the 
performance, both in real-world and synthetic logs. For the BPI 
Challenge 2020 log, compact transformer-based models such as all-
MiniLM-L6-v2, all-MiniLM-L12-v2, and all-mpnet-base-
v2 consistently lead to strong performance, particularly with phi-4
and using all-MiniLM-L12-v2 (i.e., 0.93). Conversely, long-context 
embedding models like jina-embeddings-v2-base-en, jina-
embeddings-v3, and jina-embeddings-v4 underperform with 
both the LLMs, possibly due to lower fine-tuning alignment with 
the short sequences of trace prefixes. These findings are confirmed 
for the SL3-multivariant log: traditional sentence transformers achieve 
moderately good performance, while long-context models again report 
significantly lower accuracy. This suggests that long-context embedding 
capacity alone does not guarantee better retrieval quality, particu-
larly when semantic similarity in short prefixes is pivotal. Based on 
these outcomes, we selected all-MiniLM-L12-v2 as the embed-
ding model for the subsequent evaluations, as it consistently achieved 
strong results, maintaining a good balance between performance and 
computational cost.

https://huggingface.co/angeloc1/autotrain-phi-ft-nap
https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
https://huggingface.co/meta-llama/Llama-3.2-1B-Instruct
https://huggingface.co/meta-llama/Llama-3.2-3B-Instruct
https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.2
https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.3
https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
https://huggingface.co/microsoft/phi-4
https://huggingface.co/deepseek-ai/DeepSeek-R1-Distill-Qwen-7B
https://huggingface.co/deepseek-ai/DeepSeek-R1-Distill-Llama-8B
https://openai.com/index/gpt-4o-mini-advancing-cost-efficient-intelligence/
https://openai.com/index/gpt-4o-mini-advancing-cost-efficient-intelligence/
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Table 1
Accuracy in the next activity prediction task for the BPI Challenge 2020 International Declarations (real-world) and SL3-multivariant
(synthetic) log, as reported by the Language models operating within (with RAG) and independently (without RAG) of the 
framework. The best and second-best results for each metric are reported in bold and italics, respectively.
 Language model Event Log RAG Accuracy 
 Qwen2.5-7B-Instruct BPI Challenge 2020 (Int. Decl.) 0.19  
 Qwen2.5-7B-Instruct BPI Challenge 2020 (Int. Decl.) ✓ 0.75  
 phi-4 BPI Challenge 2020 (Int. Decl.) 0.02  
 phi-4 BPI Challenge 2020 (Int. Decl.) ✓ 0.93  
 DeepSeek-R1-Distill-Llama-8B BPI Challenge 2020 (Int. Decl.) 0.09  
 DeepSeek-R1-Distill-Llama-8B BPI Challenge 2020 (Int. Decl.) ✓ 0.70  
 Qwen2.5-7B-Instruct SL3-multivariant 0.36  
 Qwen2.5-7B-Instruct SL3-multivariant ✓ 0.46  
 phi-4 SL3-multivariant 0.06  
 phi-4 SL3-multivariant ✓ 0.42  
 DeepSeek-R1-Distill-Llama-8B SL3-multivariant 0.09  
 DeepSeek-R1-Distill-Llama-8B SL3-multivariant ✓ 0.40  
Table 2
Accuracy in the next activity prediction task for the BPI Challenge 2020 International Declarations (real-world) and SL3-multivariant
(synthetic) log, as reported by the Language models operating with various bucketing strategies (i.e., gaps of events in a trace 
prefix). The best and second-best results for each metric are reported in bold and italics, respectively.
 Language model Event log Gap Accuracy 
 Qwen2.5-7B-Instruct BPI Challenge 2020 (Int. Decl.) 1 0.75  
 phi-4 BPI Challenge 2020 (Int. Decl.) 1 0.93  
 DeepSeek-R1-Distill-Llama-8B BPI Challenge 2020 (Int. Decl.) 1 0.70  
 Qwen2.5-7B-Instruct BPI Challenge 2020 (Int. Decl.) 3 0.81  
 phi-4 BPI Challenge 2020 (Int. Decl.) 3 0.94  
 DeepSeek-R1-Distill-Llama-8B BPI Challenge 2020 (Int. Decl.) 3 0.64  
 Qwen2.5-7B-Instruct BPI Challenge 2020 (Int. Decl.) 5 0.85  
 phi-4 BPI Challenge 2020 (Int. Decl.) 5 0.91  
 DeepSeek-R1-Distill-Llama-8B BPI Challenge 2020 (Int. Decl.) 5 0.70  
 Qwen2.5-7B-Instruct SL3-multivariant 1 0.46  
 phi-4 SL3-multivariant 1 0.42  
 DeepSeek-R1-Distill-Llama-8B SL3-multivariant 1 0.40  
 Qwen2.5-7B-Instruct SL3-multivariant 3 0.46  
 phi-4 SL3-multivariant 3 0.44  
 DeepSeek-R1-Distill-Llama-8B SL3-multivariant 3 0.40  
 Qwen2.5-7B-Instruct SL3-multivariant 5 0.46  
 phi-4 SL3-multivariant 5 0.44  
 DeepSeek-R1-Distill-Llama-8B SL3-multivariant 5 0.41  
Table 3
Accuracy in the next activity prediction task for the BPI Challenge 2020 International Declarations (real-world) and SL3-multivariant
(synthetic) log, as reported by the Language models operating with different embedding models for storing/retrieval of prefixes 
to/from the vector index. The best and second-best results for each metric are reported in bold and italics, respectively.
 Language model Event Log Embedding model Accuracy 
 Qwen2.5-7B-Instruct BPI Challenge 2020 (Int. Decl.) all-MiniLM-L6-v2 0.80  
 phi-4 BPI Challenge 2020 (Int. Decl.) all-MiniLM-L6-v2 0.92  
 Qwen2.5-7B-Instruct BPI Challenge 2020 (Int. Decl.) all-MiniLM-L12-v2 0.75  
 phi-4 BPI Challenge 2020 (Int. Decl.) all-MiniLM-L12-v2 0.93  
 Qwen2.5-7B-Instruct BPI Challenge 2020 (Int. Decl.) all-mpnet-base-v2 0.76  
 phi-4 BPI Challenge 2020 (Int. Decl.) all-mpnet-base-v2 0.90  
 Qwen2.5-7B-Instruct BPI Challenge 2020 (Int. Decl.) jina-embeddings-v2-base-en 0.75  
 phi-4 BPI Challenge 2020 (Int. Decl.) jina-embeddings-v2-base-en 0.88  
 Qwen2.5-7B-Instruct BPI Challenge 2020 (Int. Decl.) jina-embeddings-v3 0.54  
 phi-4 BPI Challenge 2020 (Int. Decl.) jina-embeddings-v3 0.55  
 Qwen2.5-7B-Instruct BPI Challenge 2020 (Int. Decl.) jina-embeddings-v4 0.53  
 phi-4 BPI Challenge 2020 (Int. Decl.) jina-embeddings-v4 0.56  
 Qwen2.5-7B-Instruct SL3-multivariant all-MiniLM-L6-v2 0.45  
 phi-4 SL3-multivariant all-MiniLM-L6-v2 0.44  
 Qwen2.5-7B-Instruct SL3-multivariant all-MiniLM-L12-v2 0.46  
 phi-4 SL3-multivariant all-MiniLM-L12-v2 0.42  
 Qwen2.5-7B-Instruct SL3-multivariant all-mpnet-base-v2 0.46  
 phi-4 SL3-multivariant all-mpnet-base-v2 0.46  
 Qwen2.5-7B-Instruct SL3-multivariant jina-embeddings-v2-base-en 0.46  
 phi-4 SL3-multivariant jina-embeddings-v2-base-en 0.45  
 Qwen2.5-7B-Instruct SL3-multivariant jina-embeddings-v3 0.21  
 phi-4 SL3-multivariant jina-embeddings-v3 0.27  
 Qwen2.5-7B-Instruct SL3-multivariant jina-embeddings-v4 0.17  
 phi-4 SL3-multivariant jina-embeddings-v4 0.29  
10 
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Table 4
Accuracy, (macro) precision, (macro) recall, and (macro) F1-score in the next activity prediction task for the BPI Challenge 2012
log. The best and second-best results for each metric are reported in bold and italics, respectively. The execution time is reported 
as total time (in hours) and average per-inference time (in seconds).
 Language model Accuracy Precision Recall F1-score Time

 Total (h) Per-Inference (s) 
 Llama-3.1-8B-Instruct 0.53 0.43 0.38 0.39 4.15 49.8  
 Llama-3.2-1B-Instruct 0.17 0.33 0.19 0.21 0.85 10.3  
 Llama-3.2-3B-Instruct 0.27 0.24 0.20 0.20 3.44 41.3  
 Mistral-7B-Instruct-v0.2 0.42 0.42 0.37 0.38 2.76 33.2  
 Mistral-7B-Instruct-v0.3 0.46 0.51 0.48 0.47 1.92 19.4  
 Qwen2.5-7B-Instruct 0.57 0.52 0.51 0.51 3.43 41.1  
 phi-4 0.67 0.63 0.67 0.63 3.39 40.7  
 DeepSeek-R1-Distill-Qwen-7B 0.47 0.45 0.44 0.44 4.21 50.5  
 DeepSeek-R1-Distill-Llama-8B 0.55 0.55 0.53 0.54 7.78 93.3  
 gpt-4o-mini 0.76 0.72 0.68 0.67 1.68 20.1  
Table 5
Accuracy, (macro) precision, (macro) recall, and (macro) F1-score in the next activity prediction task for the BPI Challenge 2013 
(Closed Problems) log. The best and second-best results for each metric are reported in bold and italics, respectively. The execution 
time is reported as total time (in hours) and average per-inference time (in seconds).
 Language model Accuracy Precision Recall F1-score Time

 Total (h) Per-Inference (s) 
 Llama-3.1-8B-Instruct 0.72 0.70 0.71 0.70 3.54 42.4  
 Llama-3.2-1B-Instruct 0.17 0.17 0.16 0.16 1.21 14.5  
 Llama-3.2-3B-Instruct 0.28 0.26 0.27 0.26 1.96 23.5  
 Mistral-7B-Instruct-v0.2 0.42 0.37 0.37 0.36 2.98 35.7  
 Mistral-7B-Instruct-v0.3 0.66 0.55 0.57 0.55 0.52 6.25  
 Qwen2.5-7B-Instruct 0.83 0.78 0.79 0.78 3.52 42.1  
 phi-4 0.89 0.85 0.87 0.86 5.96 71.5  
 DeepSeek-R1-Distill-Qwen-7B 0.62 0.58 0.57 0.57 7.43 89.16  
 DeepSeek-R1-Distill-Llama-8B 0.67 0.63 0.62 0.63 14.68 176.16  
 gpt-4o-mini 0.90 0.87 0.87 0.87 1.13 13.6  
LLMs and event logs evaluation. Eventually, we proceeded in our RQ1
investigation with the evaluation of the framework’s performance by 
varying the Predictor LLM. Table  4 presents the performance of the 
framework using different LLMs for the next activity prediction task 
on the real-world BPI Challenge 2012 log. The gpt-4o-mini model 
registers the best results across all metrics, demonstrating the superi-
ority of proprietary models for this event log within the framework. 
Among the open-source alternatives, the best model is phi-4, which 
outperforms all its peers while maintaining an acceptable inference 
time, comparable to that of the other LLMs with similar parameter size. 
On the other hand, smaller models such as the Llama-3.2 variants 
are the fastest in terms of inference time but also report the weakest 
performance in the next activity prediction task. Finally, the distilled
Deepseek models do not justify their highest computational costs 
with performance that aligns with the average of the other open-source 
models.

Table  5 shows the performance outcomes for the BPI Challenge 2013 
(Closed Problems). Overall, the closed-source gpt-4o-mini model 
achieved the best results across all metrics, while also maintaining 
one of the fastest average inference times. Nevertheless, among the 
open-source models, phi-4 performed in a similar way, ranking 
second-best in all metrics and demonstrating solid generalization capa-
bilities, albeit with higher inference time. Qwen2.5-7B-Instruct
also showed competitive performance, reinforcing its consistency across 
different datasets. On the contrary, smaller models (e.g., Llama-3.2-
1B-Instruct, Llama-3.2-3B-Instruct) achieved poor results, 
confirming their difficulty in predicting complex process execution 
dynamics. Notably, the DeepSeek models underperformed both in 
terms of predictive metrics and efficiency, showing that ‘‘reasoning’’ 
tokens in the case of this log could be detrimental.

Table  6 reports the results of the evaluation conducted on the
BPI Challenge 2013 (Incidents) event log. Also for this log, the best-
performing model across all metrics is gpt-4o-mini, consistently 
outperforming all open-source LLMs. The phi-4 model confirms itself 
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as the most effective open-source alternative within the framework, 
although at a higher computational cost (except when compared to the
DeepSeek models, which demand even more time without delivering 
comparable performance). The overall average performance on this log 
is slightly lower compared to others, likely because, as with the BPI 
Challenge 2013 (Closed Problems) log, it contains multiple incident cases 
processed within each execution trace and the prediction must take into 
account not only the activity name but also the associated resource and 
lifecycle transition to better disambiguate the next event for prediction, 
increasing the complexity of the task for the LLMs.

Table  7 reports the performance of the framework relying on dif-
ferent LLMs in the next activity prediction task for BPI Challenge 2020 
(International Declarations). The best-performing model across all met-
rics is gpt-4o-mini, which achieves near-perfect scores (accuracy, 
precision, recall, and F1-score all at or above 0.98) while also maintain-
ing a relatively low average inference time. This confirms the strength 
of commercial LLMs in the prediction tasks, though their closed nature 
may limit transparency and replicability. It is also plausible that these 
results are partially influenced by the model’s exposure to this event log 
in its pre-training dataset, as the BPI Challenge datasets are well-known 
and widely used in the process mining community. Among the open-
source models, phi-4 delivers the most competitive performance, with 
all metrics above 0.93, though at a slightly higher per-inference time.
Mistral-7B-Instruct-v0.2 and Qwen2.5-7B-Instruct also 
show strong results with accuracy above 0.75 and balanced macro 
scores, with moderate inference times, representing good trade-offs be-
tween effectiveness and efficiency. Conversely, smaller models such as
Llama-3.2-1B-Instruct and Llama-3.2-3B-Instruct per-
form significantly worse across all metrics, confirming that lower-
capacity models struggle with the complexity of real-world process 
logs. Notably, while DeepSeek-R1-Distill-Llama-8B achieves 
acceptable accuracy, it exhibits the highest per-inference time, raising 
concerns about its usability in time-sensitive applications.
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Table 6
Accuracy, (macro) precision, (macro) recall, and (macro) F1-score in the next activity prediction task for the BPI Challenge 2013 
(Incidents) log. The best and second-best results for each metric are reported in bold and italics, respectively. The execution time 
is reported as total time (in hours) and average per-inference time (in seconds).
 Language model Accuracy Precision Recall F1-score Time

 Total (h) Per-Inference (s) 
 Llama-3.1-8B-Instruct 0.37 0.33 0.32 0.32 5.28 63.3  
 Llama-3.2-1B-Instruct 0.03 0.03 0.02 0.03 2.65 31.8  
 Llama-3.2-3B-Instruct 0.05 0.06 0.05 0.05 3.05 36.5  
 Mistral-7B-Instruct-v0.2 0.38 0.31 0.30 0.30 4.49 53.8  
 Mistral-7B-Instruct-v0.3 0.12 0.12 0.11 0.11 4.38 52.5  
 Qwen2.5-7B-Instruct 0.45 0.32 0.32 0.31 2.71 32.5  
 phi-4 0.53 0.57 0.53 0.54 5.15 61.7  
 DeepSeek-R1-Distill-Qwen-7B 0.39 0.38 0.37 0.37 5.69 68.2  
 DeepSeek-R1-Distill-Llama-8B 0.46 0.43 0.42 0.43 9.52 114.2  
 gpt-4o-mini 0.70 0.64 0.65 0.64 1.79 21.5  
Table 7
Accuracy, (macro) precision, (macro) recall, and (macro) F1-score in the next activity prediction task for the BPI Challenge 2020 
(International Declarations) log. The best and second-best results for each metric are reported in bold and italics, respectively. The 
execution time is reported as total time (in hours) and average per-inference time (in seconds).
 Language model Accuracy Precision Recall F1-score Time

 Total (h) Per-Inference (s) 
 Llama-3.1-8B-Instruct 0.71 0.74 0.68 0.67 2.65 31.8  
 Llama-3.2-1B-Instruct 0.23 0.31 0.18 0.19 0.71 8.5  
 Llama-3.2-3B-Instruct 0.39 0.61 0.42 0.48 2.05 24.5  
 Mistral-7B-Instruct-v0.2 0.79 0.74 0.71 0.71 2.34 28.1  
 Mistral-7B-Instruct-v0.3 0.63 0.50 0.47 0.46 1.29 15.4  
 Qwen2.5-7B-Instruct 0.75 0.82 0.80 0.78 2.13 25.5  
 phi-4 0.93 0.94 0.93 0.93 3.12 37.3  
 DeepSeek-R1-Distill-Qwen-7B 0.69 0.59 0.58 0.55 3.93 47.2  
 DeepSeek-R1-Distill-Llama-8B 0.70 0.70 0.69 0.67 7.34 88.1  
 gpt-4o-mini 0.98 0.99 0.99 0.99 0.92 11.0  
Table 8
Accuracy, (macro) precision, (macro) recall, and (macro) F1-score in the next activity prediction task for the Hospital Billing log. 
The best and second-best results for each metric are reported in bold and italics, respectively. The execution time is reported as 
total time (in hours) and average per-inference time (in seconds).
 Language model Accuracy Precision Recall F1-score Time

 Total (h) Per-Inference (s) 
 Llama-3.1-8B-Instruct 0.55 0.64 0.63 0.59 2.73 32.7  
 Llama-3.2-1B-Instruct 0.12 0.31 0.09 0.12 0.86 10.3  
 Llama-3.2-3B-Instruct 0.15 0.31 0.16 0.19 2.26 27.1  
 Mistral-7B-Instruct-v0.2 0.51 0.55 0.48 0.50 3.16 37.9  
 Mistral-7B-Instruct-v0.3 0.60 0.63 0.61 0.61 2.28 27.4  
 Qwen2.5-7B-Instruct 0.69 0.72 0.74 0.72 2.31 27.6  
 phi-4 0.71 0.70 0.78 0.71 3.85 46.1  
 DeepSeek-R1-Distill-Qwen-7B 0.63 0.68 0.68 0.67 4.58 54.9  
 DeepSeek-R1-Distill-Llama-8B 0.56 0.55 0.58 0.53 9.58 114.9  
 gpt-4o-mini 0.73 0.71 0.74 0.71 1.19 14.2  
The results in Table  8 present the framework’s performance for the
Hospital Billing event log. Also for this other real-world log, gpt-4o-
mini achieves the highest accuracy and good precision, recall, and 
F1-score, with Phi-4 following closely with comparable macro metrics 
but reporting a higher execution time. Smaller models, such as Llama-
3.2-1B and Llama-3.2-3B significantly underperform other LLMs, 
confirming that model size and architecture influence predictive power 
in this hospital domain. The DeepSeek-R1-Distill-Qwen-7B
model performs moderately well, yet not justifying its higher resource 
demands due to their reasoning process. For this dataset, macro preci-
sion, recall, and F1-score closely align with accuracy, indicating a more 
balanced class distribution in the predictions.

Table  9 shows the outcomes of the next activity prediction task 
for the Sepsis Cases log. Here, the Phi-4 model demonstrates the 
highest accuracy and balanced precision, recall, and F1-score in a 
time slightly higher than the average of the others, while gpt-4o-
mini reports the highest macro metrics, also being one of the faster 
models in this case. Regarding the remaining models, Qwen2.5-7B
12 
also demonstrates acceptable performance on this log, while other 
open-source models do not exhibit the same level of reliability as 
these two. Notably, DeepSeek models show weaker performance, 
suggesting limited generalization capabilities for this task. Moreover, 
their results do not justify their higher resource consumption and 
associated costs. Llama-3.2-1B significantly underperforms in all 
the metrics, reinforcing the importance of model size and training 
data quality for handling event sequences in the medical domain. The 
close alignment between accuracy, precision, recall, and F1-score in the 
top-performing models suggests a more balanced class distribution in 
predictions compared to other datasets.

Shifting now the focus to synthetic event logs, Table  10 highlights 
significant discrepancies between accuracy and macro-averaged metrics 
in the next activity prediction task for the SL2-2v-1r log. In this case, all 
the models seem to have comparable execution times, yet they demon-
strate marked differences in performance between each other and even 
across the various metrics. For instance, Qwen2.5-7B-Instruct
achieves the highest accuracy, yet its macro F1-score remains low. 
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Table 9
Accuracy, (macro) precision, (macro) recall, and (macro) F1-score in the next activity prediction task for the Sepsis Cases log. The
best and second-best results for each metric are reported in bold and italics, respectively. The execution time is reported as total 
time (in hours) and average per-inference time (in seconds).
 Language model Accuracy Precision Recall F1-score Time

 Total (h) Per-Inference (s) 
 Llama-3.1-8B-Instruct 0.53 0.60 0.60 0.58 2.98 35.7  
 Llama-3.2-1B-Instruct 0.18 0.39 0.23 0.24 1.05 12.5  
 Llama-3.2-3B-Instruct 0.26 0.41 0.27 0.31 2.41 28.8  
 Mistral-7B-Instruct-v0.2 0.50 0.66 0.59 0.61 2.74 32.8  
 Mistral-7B-Instruct-v0.3 0.55 0.67 0.68 0.64 0.71 8.54  
 Qwen2.5-7B-Instruct 0.66 0.80 0.79 0.79 2.87 34.4  
 phi-4 0.70 0.77 0.76 0.77 3.47 41.6  
 DeepSeek-R1-Distill-Qwen-7B 0.55 0.56 0.60 0.54 6.86 82.3  
 DeepSeek-R1-Distill-Llama-8B 0.54 0.54 0.61 0.55 13.14 157.6  
 gpt-4o-mini 0.69 0.85 0.83 0.84 0.90 10.8  
Table 10
Accuracy, (macro) precision, (macro) recall, and (macro) F1-score in the next activity prediction task for the SL2-2v-1r log. The
best and second-best results for each metric are reported in bold and italics, respectively. The execution time is reported as total 
time (in hours) and average per-inference time (in seconds).
 Language model Accuracy Precision Recall F1-score Time

 Total (h) Per-Inference (s) 
 Llama-3.1-8B-Instruct 0.39 0.17 0.16 0.16 0.33 25.8  
 Llama-3.2-1B-Instruct 0.09 0.14 0.02 0.03 0.17 13.3  
 Llama-3.2-3B-Instruct 0.13 0.14 0.06 0.08 0.24 18.8  
 Mistral-7B-Instruct-v0.2 0.18 0.10 0.09 0.08 0.50 39.1  
 Mistral-7B-Instruct-v0.3 0.20 0.16 0.11 0.11 0.33 28.8  
 Qwen2.5-7B-Instruct 0.81 0.25 0.22 0.22 0.39 30.5  
 phi-4 0.72 0.14 0.14 0.13 0.67 52.43  
 DeepSeek-R1-Distill-Qwen-7B 0.69 0.14 0.13 0.13 0.50 39.1  
 DeepSeek-R1-Distill-Llama-8B 0.58 0.13 0.10 0.11 1.34 104.8  
 gpt-4o-mini 0.70 0.14 0.14 0.14 0.13 10.4  
Table 11
Accuracy, (macro) precision, (macro) recall, and (macro) F1-score in the next activity prediction task for the SL3-multivariant log. 
The best and second-best results for each metric are reported in bold and italics, respectively. The execution time is reported as 
total time (in hours) and average per-inference time (in seconds).
 Language model Accuracy Precision Recall F1-score Time

 Total (h) Per-Inference (s) 
 Llama-3.1-8B-Instruct 0.25 0.10 0.09 0.09 2.40 28.8  
 Llama-3.2-1B-Instruct 0.07 0.07 0.01 0.02 0.82 9.8  
 Llama-3.2-3B-Instruct 0.42 0.06 0.06 0.06 1.89 22.6  
 Mistral-7B-Instruct-v0.2 0.23 0.11 0.07 0.08 3.44 41.2  
 Mistral-7B-Instruct-v0.3 0.22 0.11 0.08 0.09 2.82 33.8  
 Qwen2.5-7B-Instruct 0.46 0.14 0.14 0.14 2.44 29.2  
 phi-4 0.42 0.12 0.10 0.11 3.83 46.0  
 DeepSeek-R1-Distill-Qwen-7B 0.42 0.12 0.10 0.11 2.94 35.3  
 DeepSeek-R1-Distill-Llama-8B 0.40 0.08 0.06 0.06 10.59 127.1  
 gpt-4o-mini 0.47 0.13 0.13 0.13 1.04 12.4  
Similarly, Phi-4 and DeepSeek-R1-Distill-Qwen-7B exhibit 
good accuracy but low macro F1-scores. This suggests that while 
these models perform well on frequently occurring classes of activities, 
they struggle with less frequent ones, leading to poor overall balance 
across classes. This phenomenon may be attributed to an imbalance 
in the event log, likely resulting from its synthetic generation. Smaller 
models such as Llama-3.2-1B-Instruct and Llama-3.2-3B-
Instruct again perform poorly across all metrics, reaffirming that a 
higher model dimension is fundamental also for predicting activities in 
synthetic logs effectively.

The outcomes in Table  11 also report important variations in model 
performance for the SL3-multivariant log, both in execution time and 
performance. Overall, this log highlights a significant downgrade across 
all the metrics for the framework, potentially due to the extremely 
unpredictable nature intentionally imposed by design on its traces.
gpt-4o-mini achieves the highest accuracy, followed by Qwen2.5-
7B-Instruct, indicating its predictive capabilities on frequently 
occurring activities. However, the macro-averaged precision, recall, 
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and F1-score remain consistently low across all models, suggesting 
challenges in correctly predicting less frequent activities. These results 
suggest that while some models perform well in overall accuracy, their 
predictions may be biased toward common activity classes, failing 
to generalize effectively to rarer events. Again, the smaller model, 
i.e., Llama-3.2-1B-Instruct, is the worst performing one.

Table  12 shows the results for the Udon-ya log. Among the open-
source models, Qwen2.5-7B-Instruct performs best across all 
metrics, achieving an accuracy of 0.72 and an F1-score of 0.70, 
confirming its strong generalization even in semi-structured domains.
Phi-4 follows closely, though with slightly lower precision and re-
call. Notably, the closed-source gpt-4o-mini outperforms all others, 
achieving the highest accuracy and macro-average scores, suggesting it 
benefits from a broader and possibly from the exposition to this domain 
in its training corpus.

On the other hand, smaller models like Llama-3.2-1B-
Instruct perform poorly, highlighting the limitations of 
limited-capacity LLMs on complex real-world data. The execution 
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Table 12
Accuracy, (macro) precision, (macro) recall, and (macro) F1-score in the next activity prediction task for the Udon-ya log. The
best and second-best results for each metric are reported in bold and italics, respectively. The execution time is reported as total 
time (in hours) and average per-inference time (in seconds).
 Language model Accuracy Precision Recall F1-score Time

 Total (h) Per-Inference (s) 
 Llama-3.1-8B-Instruct 0.56 0.57 0.51 0.53 3.00 36.0  
 Llama-3.2-1B-Instruct 0.14 0.27 0.11 0.11 0.71 8.4  
 Llama-3.2-3B-Instruct 0.38 0.48 0.30 0.36 2.36 28.3  
 Mistral-7B-Instruct-v0.2 0.54 0.54 0.45 0.47 2.39 28.6  
 Mistral-7B-Instruct-v0.3 0.63 0.54 0.50 0.50 1.16 13.9  
 Qwen2.5-7B-Instruct 0.72 0.75 0.68 0.70 2.46 29.5  
 phi-4 0.65 0.69 0.61 0.63 3.71 44.5  
 DeepSeek-R1-Distill-Qwen-7B 0.61 0.49 0.48 0.47 3.73 44.7  
 DeepSeek-R1-Distill-Llama-8B 0.58 0.55 0.50 0.51 6.89 82.6  
 gpt-4o-mini 0.84 0.80 0.79 0.78 1.37 16.4  
times remain within acceptable ranges, with models like Mistral-
7B-Instruct-v0.3 and gpt-4o-mini demonstrating good 
trade-offs between performance and latency, which is a desirable 
characteristic for deployment in time-sensitive environments.

The gap between accuracy and macro metrics we can observe 
across many of these evaluations highlights the importance of using 
multiple balanced evaluation criteria in PPM rather than relying solely 
on accuracy.

Rq2: is the approach effective compared to the baseline?
To investigate RQ2, we analyzed the performance of several state-

of-the-art approaches from the literature on the real-world event 
logs considered in this study using our proposed framework. Table 
13 presents this comparison based on accuracy in the next activity 
prediction task.

Concerning the BPI Challenge 2012 event log, our approach slightly 
underperforms the best-performing techniques, likely due to a lost-in-
the-middle phenomenon originating from the length of the retrieved 
prefixes with attributes to load in the LLM context [50].

Conversely, for the BPI Challenge 2013 dataset, the proposed 
approach, when using gpt-4o-mini, achieves significantly better 
accuracy than state-of-the-art baselines on the Closed Problems log. On 
the Incidents log, it performs above average and closely follows the 
results of the best existing techniques.

For the BPI Challenge 2020 (International Declarations) event log, our 
approach achieves an accuracy slightly lower than the only existing 
study using the same log for next activity prediction [74].

Our approach on the Hospital Billing log closely matches the 
best-performing method [73] in accuracy. Notably, it outperforms 
other deep learning-based solutions, including [3,71], and [40], which 
achieve lower scores. This result indicates that our model is highly com-
petitive in structured business processes, effectively capturing process 
dynamics despite the presence of categorical attributes and complex 
dependencies.

The Sepsis Cases dataset represents a particularly challenging sce-
nario, as evidenced by the generally lower performance of several 
baseline models. Our approach significantly outperforms all existing 
methods, achieving the best results among the compared techniques. 
In contrast, previous deep learning-based methods, such as LSTM-
based models [3], encoder–decoder approaches [72], and GAN-based 
models [75], exhibit considerably lower accuracy. This substantial 
improvement suggests that our approach effectively captures the com-
plex sequential dependencies and semantic aspects inherent in medical 
event logs. Compared to SNAP [11], which also leverages LLMs for 
predictions, our method demonstrates significant gains, highlighting 
the benefits of incorporating RAG for a more refined and adaptive 
prediction model.

Overall, our results show that the proposed approach achieves 
performance comparable to the top state-of-the-art techniques while 
requiring no additional training, unlike other deep learning-based 
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methods, which typically involve extensive model training and fine-
tuning. This highlights its efficiency and adaptability across different 
process domains.

Rq3: how robust is the performance of the llms embedded in the proposed 
approach?
Robustness analysis. To address RQ3, we investigated the robustness of 
the LLMs embedded into our framework by analyzing the distribution 
of their prediction accuracy. Fig.  5 presents a box plot reporting the 
variance in accuracy between the evaluations on different event logs, 
providing insights into the reliability of each model.

Notably, Qwen2.5-7B-Instruct and Phi-4 achieve the high-
est median accuracy among the open-source models, with relatively 
small variance ranges. The limited presence of outliers further indicates 
that these models maintain stable prediction performance across dif-
ferent event logs. Conversely, models smaller in size, such as Llama-
3.2-1B-Instruct and Llama-3.2-3B-Instruct, exhibit not 
only lower median accuracy but also wider ranges, demonstrating 
higher variability and reduced robustness.

Another observation we can derive from the box blot is on the 
performance of Mistral-7B-Instruct-v0.2 and Mistral-7B-
Instruct-v0.3. While both models achieve acceptable accuracy, 
their larger variance suggests that their prediction quality is more 
sensitive to the input data. This may indicate challenges in generalizing 
to different cases within the event log.

Furthermore, the proprietary gpt-4o-mini presents a rel-
atively compact range with the best median accuracy, reflect-
ing a balance between stability and performance. Similarly, the
DeepSeek-R1-Distill models exhibit mixed behaviors. While
DeepSeek-R1-Distill-Qwen-7B achieves a higher maximum 
accuracy, DeepSeek-R1-Distill-Llama-8B shows a narrower 
interquartile range of accuracy values, indicating greater robustness.
Posthoc statistical tests. Still tackling RQ3, we applied a Friedman test
followed by a Nemenyi test to determine whether the differences in 
performance among the evaluated LLMs are statistically significant. The 
Friedman test, applied across all models using their mean scores on 
the various event logs, returned a value of 25.56 with a p-value of 
1.18 × 10−5, indicating that the observed differences in rankings across 
models are highly significant and unlikely due to random chance. Thus, 
we can reject the null hypothesis 𝐻0.

To investigate further which model differences were statistically 
meaningful, we applied the Nemenyi test. The results, reported in Table 
14 for the three best LLMs, show that gpt-4o-mini significantly out-
performed open-source models, with p-values even below 0.01. The dif-
ferences between some of the top-performing open-source models, such 
as phi-4 and Qwen2.5-7B-Instruct, were less pronounced but 
still statistically meaningful. Interestingly, the test also confirmed the 
lack of significant difference between some models (e.g., Mistral-
7B-v0.2 and the DeepSeek variants), further validating the trends 
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Fig. 5. Box plot illustrating the range of accuracy scores obtained throughout the framework evaluation by the language models across the considered event logs.
Fig. 6. Results of the earliness analysis on the BPI Challenge 2020 International Declarations (left) and Sepsis Cases (right) event logs.
observed in the previous evaluations. These findings support the claim 
that gpt-4o-mini remains the best model to work with the proposed 
framework, while phi-4 and Qwen2.5-7B-Instruct lead among 
open-source ones.
Earliness analysis. Subsequently, we performed the analysis of earli-
ness for the top three models (i.e., gpt-4o-mini, Qwen2.5-7B-
Instruct, and phi-4) over the BPI Challenge 2020 International 
Declarations and Sepsis Cases logs. The results are presented in Fig.  6.

For the BPI Challenge 2020 International Declarations log (left),
gpt-4o-mini consistently achieves high accuracy across all prefix 
ranges, confirming its robustness in both early and late stages of pro-
cess execution. Among open-source models, Qwen2.5-7B-Instruct
demonstrates a gradual improvement in accuracy as the prefix length 
increases, demonstrating the capability to manipulate richer context 
effectively and leverage more information from longer prefixes. In 
contrast, phi-4 shows strong early performance but exhibits a notice-
able decline for predictions over longer prefixes, suggesting a drop in 
generalization as the trace length increases.

On the Sepsis Cases log (right), the models exhibit more variabil-
ity but show a consistent trend. gpt-4o-mini better performs in 
accuracy at mid-length prefixes (i.e., from 6 to 10 activities), but per-
formance slightly declines for longer ones. Qwen2.5-7B-Instruct
and phi-4 follow a similar pattern, registering the highest accuracy 
for the same bucket, while progressively decreasing afterwards. This 
behavior is likely due to the increased complexity and variability of the
Sepsis Cases log, where longer prefixes might include more divergence 
in the process flow, making the prediction task more challenging.

These findings highlight how early-stage prediction is feasible and 
often effective, while also showcasing how both LLM’s capability and 
log complexity influence performance.
15 
Model fine-tuning. Table  15 reports the evaluation results of the frame-
work using the fine-tuned phi-4 model adapted via LoRA over the
S_NAP dataset, following the same settings used in [7]. The fine-tuned 
version exhibits a notable decline in predictive performance across all 
event logs compared to the original phi-4 model. For instance, on the
BPI Challenge 2020 (International Declarations) log, the regular phi-4
achieved an accuracy of 0.93 and a (macro) F1-score of 0.93, while the 
fine-tuned variant only registered an accuracy of 0.39 and (macro) F1 
of 0.34. Similarly, decreases are evident across other logs, such as the
Udon-ya log (in which the accuracy is one-third of that for the original 
LLM) and the Sepsis Cases log (where the accuracy is halved).

Despite this degradation in effectiveness, a key benefit of the fine-
tuned model is its improved computational efficiency since, on average, 
the inference time is reduced by almost half. For instance, in the BPI 
Challenge 2020 log, the per-inference time drops from 37.3 s to 19.6 s 
for the fine-tuned phi-4. This trade-off suggests that the fine-tuned 
model, although tailored on a dataset specific for the next activity 
prediction task, may suffer from overfitting to the considered domains 
and lose the generalization ability on new event logs, not justifying 
the significant computational costs required by the fine-tuning process. 
Moreover, this performance degradation may also originate from the 
fact that the fine-tuning process, as performed on the S_NAP dataset, 
does not teach the model how to effectively exploit the retrieved traces 
and their data attributes values for the prediction of the next event.

Hence, such an investigation underlines the importance of the 
dataset selection and fine-tuning strategies when adapting LLMs for 
PPM. While fine-tuning can offer efficiency improvements, it may 
require further adaptations or data augmentation to maintain the 
generalization capabilities on new datasets.
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Table 13
Comparison with state-of-the-art approaches on the real-world event logs 
in terms of accuracy, primarily based on [11], [68], [69], and [70]. The
best and second-best results for each metric are reported in bold and
italics, respectively.
Dataset Study Accuracy

BPI Challenge 2012

[3] 0.85
[36] 0.59
[40] 0.83
[42] 0.83
[69] 0.86
[70] 0.78
[71] 0.86
[41] 0.84
[72] 0.42
[35] (w/o attributes) 0.82
[35] (w/ attributes) 0.80
[73] 0.85
 Our approach  0.76

BPI Challenge 2013 (Closed Problems)

[3] 0.64
[11] 0.69
[36] 0.58
[40] 0.24
[42] 0.54
[71] 0.63
[41] 0.24
[72] 0.43
[35] (w/o attributes) 0.59
[35] (w/ attributes) 0.54
 Our approach  0.90

BPI Challenge 2013 (Incidents)

[3] 0.70
[11] 0.67
[36] 0.66
[40] 0.46
[42] 0.66
[69] 0.79
[71] 0.74
[41] 0.36
[72] 0.51
[35] (w/o attributes) 0.59
[35] (w/ attributes) 0.51
[73] 0.62
 Our approach  0.70

BPI Challenge 2020 (Int. Decl.) [74] 0.84
 Our approach  0.98

Hospital Billing

[3] 0.78
[40] 0.75
[69] 0.84
[71] 0.79
[72] 0.70
[73] 0.85
 Our approach  0.73

Sepsis Cases

[3] 0.64
[11] 0.66
[36] 0.40
[40] 0.56
[69] 0.62
[70] 0.65
[71] 0.63
[72] 0.21
[35] (w/o attributes) 0.55
[35] (w/ attributes) 0.58
[75] 0.60
 Our approach  0.70

6. Threats to validity

In this section, we discuss potential threats to the validity of the 
study. An internal validity concern refers to the rapid advancement of 
LLMs (new versions are developed in a few months) that potentially 
makes the obtained results outdated over time. To address this, we 
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evaluated numerous state-of-the-art models, both open-source and pro-
prietary, demonstrating the framework’s versatility and independence 
from specific technologies.

Instead, an external validity threat to this work is given by the 
difficulty in replicating the proposed experiments due to the statisti-
cal variability in LLM outputs even in response to identical prompts. 
To mitigate this problem, we made the employed prompts available 
online. This makes the experiments more reproducible and reduces the 
differences in how questions or commands are phrased. Moreover, we 
performed multiple runs along the experiment to ensure the correct-
ness of the answer. Always referring to the external validity, we also 
focused on ensuring the generalizability of our results by extending the 
experimentation to a larger number of event logs, both real-world and 
synthetic ones, in a wide ranging of domains.

7. Conclusion

This paper introduced a novel approach for next activity predic-
tion in PPM, leveraging RAG to enhance the predictive capabilities of 
LLMs. Our experiments demonstrated that LLMs, when solely relying on 
task instructions and minimal examples, struggle to perform complex 
process mining tasks. However, integrating RAG to provide addi-
tional contextual information about the traces and their data attributes 
from event logs, along with carefully designed prompt engineering, 
significantly improves predictive accuracy and robustness.

The evaluation across multiple (real-world and synthetic) event logs 
and experimental configurations showed that our approach achieves 
competitive performance compared to state-of-the-art deep learning 
models. Notably, while deep learning-based techniques require exten-
sive training and feature engineering, our method operates without 
fine-tuning, making it highly adaptable across different domains. Ad-
ditionally, by systematically assessing multiple LLMs, we highlighted 
variations in predictive performance, demonstrating that some models 
exhibit greater robustness across diverse process domains.

Moreover, we reinforced this evaluation by confirming the statis-
tical significance of the results through the Friedman and Nemenyi 
tests. We further analyzed the early prediction capabilities of the top-
performing models, showing that our framework can maintain high 
accuracy even with limited prefix information, which is a fundamental 
requirement for real-world PPM. Finally, for completeness, we explored 
fine-tuning for improving the LLM’s performance on this prediction 
task. Although fine-tuning reduced inference time considerably, it often 
led to a trade-off in prediction quality, suggesting that it may not 
always be beneficial in PPM scenarios.

Despite these strengths, the study presents some limitations. The 
framework’s effectiveness diminishes in logs with frequent interleav-
ing activities, especially when considering full activity lifecycle stages 
(e.g., assign, start, complete). Furthermore, our approach does not 
explicitly address concept drift, which can impact performance when 
process behaviors evolve over time. Future research could investigate 
strategies for dynamically adapting LLM predictions to drift patterns 
and explore ensemble methods to mitigate variability in the language 
model performance.

Moreover, the experiments emphasized the need for standard-
ized benchmarks for LLM-based activity prediction, ensuring more 
comprehensive and reproducible evaluations in future studies. While 
accuracy serves as a key performance metric, our analysis demonstrated 
the importance of macro-aggregated precision, recall, and F1-score 
in understanding model robustness across different activity classes. 
Addressing class imbalance through data augmentation or targeted 
fine-tuning strategies could further enhance predictive stability.

Finally, another extension to explore in future work will focus on 
optimizing the computational efficiency and reducing the inference 
latency of the framework. While our current approach demonstrates 
competitive performance, its applicability in resource-constrained or 
time-sensitive operational settings could be enhanced by integrating 
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Table 14
Extract of Nemenyi test results for the three best models, indicating the p-values comparing each pair of LLMs (row vs. column). 
Lower values report stronger evidence against the null hypothesis 𝐻0 of equal performance.
 gpt-4o-mini phi-4 Qwen2.5-7B-Instruct 
 gpt-4o-mini 1.000 0.726 0.002  
 phi-4 0.726 1.000 0.046  
 Qwen2.5-7B-Instruct 0.002 0.046 1.000  
Table 15
Accuracy, (macro) precision, (macro) recall, and (macro) F1-score achieved by the framework with the fine-tuned phi-4 model 
in the next activity prediction task across all the considered event logs. The execution time is reported as total time (in hours) 
and average per-inference time (in seconds).
 Event Log Accuracy Precision Recall F1-score Time

 Total (h) Per-Inference (s) 
 BPIC 2012 0.37 0.18 0.26 0.19 2.06 24.8  
 BPIC 2013 (Closed Problems) 0.11 0.10 0.10 0.10 0.69 8.2  
 BPIC 2013 (Incidents) 0.27 0.29 0.27 0.27 2.06 24.7  
 BPIC 2020 (Int. Decl.) 0.39 0.35 0.38 0.34 1.64 19.6  
 Hospital Billing 0.44 0.49 0.39 0.42 1.53 18.3  
 Sepsis Cases 0.39 0.28 0.28 0.27 1.85 22.2  
 SL2-2v-1r 0.35 0.16 0.10 0.11 0.25 19.7  
 SL3-multivariant 0.49 0.13 0.08 0.10 2.16 25.8  
 Udon-ya 0.24 0.29 0.28 0.28 2.47 29.6  
more efficient RAG architectures. For instance, exploring variants like 
FastRAG [76], which can decouple the retrieval and generation steps 
to reduce computational overhead without significantly compromis-
ing retrieval quality, presents a promising avenue. Adopting such 
architectures could make retrieval-augmented LLMs more viable for 
real-time PPM, where accurate and rapid forecasts are essential for 
decision-making.
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Data availability

The source code, event logs, prompts, and instructions for repli-
cating the experiments are available at: https://github.com/angelo-
casciani/rag_next_activity. We also make the fine-tuned language 
model available online for testing at: https://huggingface.co/angeloc1/
autotrain-phi-ft-nap.
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