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Predictive v. Generative AI

Predictive AI
Analyze existing data to make 
predictions about future events 
or outcomes

Relies on established ML 
techniques

Output is a prediction 
(recommendation, probability 
score, etc.)

Generative AI
Aims at creating new content or data that 
are similar but yet distinct from training data 
(text, images, music, …)

Do not focus on one specific phenomenon, 
but exploit general knowledge learnt from 
huge amount of data

Relies on novel techniques (LLMs)
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ML Micro-101 
(Classification)





Machine Learning - Classification

The problem of identifying to which of a set of categories a new 
observation belongs, on the basis of a training set of data 
containing observations whose category membership is known 
(supervised learning)

spam v. no-spam

normal v. anomalous



Machine learning - classification

Observations are defined by a set of features (explanatory variables, 
predictors)

features (age, occupation, etc.)
label (salary)



Classification - methods

decision tree

support vector machine

neural networks

...



Predictive AI and 
Process Mining



Process Mining: Overview
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Reference: van der Aalst and Carmona 2022



Predictive Process Monitoring
(PPM) 



What is PPM?

Event log is a dataset

 

Can be used to train machine learning 
predictive models…

 

...which can then be used to predict 
“the future” of (running) process cases



What can 
We Predict 
About a 
Business 
Process?

“Which will be the next activity that will be 
executed?” 

Predicting activities that will be executed

“When will the next activity be executed? 
What will be the timestamp of the last activity of 
this case?”

Predicting timestamps
 

“What would be the outcome of this case, e.g., 
would it be possible to discharge this patient by 
tomorrow?”

Predict process outcomes 



Why PPM?
“What is the next activity that will be executed?”

”Get ready” if the next predicted is “critical”
 

“When will the next activity be executed?”

Early warning to clients when we predict their order 
will be delivered late
 
“Would it be possible to discharge this patient by 
tomorrow?”

Monitor satisfaction of Service Level Objectives



Ceravolo, P., Comuzzi, M., De Weerdt, J., Di Francescomarino, C., & Maggi, F . M. (2024). Predictive proce ss monitoring: conce pts, challenges, and future research directions. Process Sci ence, 1(1), 2.



Case-Level v. Event-Level Attributes
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Case-Level 

Attributes that have the same value in all events belonging to 
the same case

Event-Level

Attributes that may have a different value in every event



Trace Prefixes

18

From a trace in an event log of length n-events, we can derive up to n-1 
prefixes 

A prefix of length k < n is the sub-trace from the 1st to k-th event

Prefixes are important to maximize the number of observations available to 
train a PPM model that can be generated from an event log 

Activity, timestamp, resource,

Trace 
(n=4)

A, t=1, Alice B, t=4, Alice C, t=6, Bob B, t=7, Chris

Prefix
(k=3)

A, t=1, Alice B, t=4, Alice C, t=6, Bob

Prefix
(k=2)

A, t=1, Alice B, t=4, Alice

Prefix
(k=1)

A, t=1, Alice



Temporal Split

19

Events in an event log are timestamped

To simulate a real-life situation, the events used for 
training a PPM model should always precede the ones 
used for testing the model 

Often overlooked in many papers!



Ceravolo, P., Comuzzi, M., De Weerdt, J., Di Francescomarino, C., & Maggi, F . M. (2024). Predictive proce ss monitoring: conce pts, challenges, and future research directions. Process Sci ence, 1(1), 2.



Bucketing of Prefixes

21

Prefix traces can be grouped into buckets to train 
multiple classifiers, one for each bucket

The simplest choice? Zero-Bucketing
(1 single bucket with all the prefixes)



Bucketing by Prefix Length

22

A bucket contains all the prefixes of the same length



Bucketing by Clustering

23

Buckets determined by applying a trace clustering 
method



Ceravolo, P., Comuzzi, M., De Weerdt, J., Di Francescomarino, C., & Maggi, F . M. (2024). Predictive proce ss monitoring: conce pts, challenges, and future research directions. Process Sci ence, 1(1), 2.



Outcome prediction

Assume a (usually binary) case outcome label is available 
Encoding each prefix, use outcome label as classification label

Binary classification problem (positive v. negative outcome)

 

Can we predict the outcome of 
a running case and how early 
during the case execution can 

we get a correct prediction?



Example
case id activity timestamp resource cost

1 A 1 Alice 100

2 A 3 Alice 90

1 B 4 Alice 50

1 C 6 Bob 60

1 B 7 Chris 70

2 C 8 Chris 100

case id outcome

1 1

2 0

Trace 1: ABCB
Trace 2: AC

often “outcomes” are 
available as case-level 
attributes in an event log, or 
can be engineered from the 
data



Encoding of Prefixes (Sequence Encoding)

27

Sequence encoding combines the task of feature engineering 
and numerical encoding of traditional machine learning

First, decide which features to generate from attributes 
available in an event log, then encode those features 
numerically

The prefixes in each bucket must be encoded into a fixed-
length numerical feature vector

Prefixes in a bucket may have different length

A prefix abstraction may be needed to reduce the prefixes to 
the same length (or zero-padding!)



Aggregation Sequence Encoding

28

Prefixes are abstracted by consider all the events

Attribute values are aggregated

Example

Numerical attributes: avg, sum, max, min

Categorical attributes: frequency or occurrence
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Index Sequence Encoding

30

Encode all the information in an event log, 
maintaining the order of events

If prefixes in a bucket do not have the same 
length, zero-padding is needed

Lossless encoding: given the feature vector, we 
can perfectly reconstruct all the events of a trace



Index Sequence Encoding: Example
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Prefixes of Different Lengths

Index Encoding
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Last-State Sequence Encoding

33

Prefixes are abstracted using only the last m events

(m = 2 in the example below)

A simple numerical encoding is to encode numerical attributes 

as-is and categorical attributes using one-hot encoding

Reference: TBC TBC 

Activity, timestamp, resource, cost Outcome

Trace 1 A, t=1, Alice, 100 B, t=4, Alice, 50 C, t=6, Bob, 60 B, t=7, Chris, 70 1

Trace 2 A, t=3, Alice, 90 C, t=8, Chris, 100 - - 0

A_1 B_1 C_1 t_1 Alice_
1

Bob_1 Chris_
1

c_1 A_2 B_2 C_2 t_2 Alice_
2

Bob_2 Chris_
2

c_2 Outcome

Trace 
1

0 0 1 6 0 1 0 60 0 1 0 7 0 0 1 70 1

Trace 
2

1 0 0 3 1 0 0 90 0 0 1 8 0 0 1 100 0



Static Attribute Encoding

34

For case-level attributes, which remain the same 
in every prefix



Model Construction: Training the Classifier(s)

35

Using the encoded prefixes, we can train/test any classifier

Logistic regression, Decision Tree, Random Forest, Neural Network, 
…

Reference: Teinemaa, I., Dumas, M., Rosa, M. L., & Maggi, F. M. (2019). Outcome-oriented predictive process monitoring: Review and 
benchmark. ACM Transactions on Knowledge Discovery from Data (TKDD), 13(2), 1-57. 



Model Application

36

Extract prefixes, divide them into groups (buckets), 
encode prefixes into feature-label vectors, train 
classifiers (one per bucket)

Reference: Teinemaa, I., Dumas, M., Rosa, M. L., & Maggi, F. M. (2019). Outcome-oriented predictive process monitoring: Review and 
benchmark. ACM Transactions on Knowledge Discovery from Data (TKDD), 13(2), 1-57. 



Evaluation Metrics

37

Predictions in Outcome-Oriented PPM 
should be:

Accurate (Accuracy, Precision, Recall, AUC)

Early and stable across prefixes

Break-down the classifier accuracy by prefix 
length



Experimental results

Publicly available event logs 
(Business Process Intelligence 
Challenge)

Different classifier tested (XGBoost, 
Random Forest, …)



Experimental results

Performance varies across event logs and classifiers used

Performance higher and more predictable for low variability logs (= fewer variants)

Impossible to identify best bucketing/encoding method

performance more accurate when longer prefixes are considered, but not always



Encoding event logs for predictive monitoring

● Next activity prediction

− Sequence prediction, multi-class classification

− Encode the N events before the one we want to predict

− Multi-class classification problem 
(>2 activity labels in a log normally)

Can we predict which would the 
next step in a case given the 
recent “history” of that case?



Next-Activity and Suffix Prediction

41

No specific requirements imposed on event logs, 
every event log has activity labels

Next-Activity Prediction

Use event log data to create a model to predict which is 
the next activity that will be executed 

Suffix Prediction

Use event log data to create a model to predict the 
sequence of activities that will be executed until the 
case termination

sta
rt A B C D

sta
rt A B C D A E en

d



How to Approach Next-Activity Prediction

42

Simple Setting

Multi-class classification problem using window-based 
encoding of log traces

State-of-the-Art Setting

Multi-class classification problem solved using Recurrent 
Neural Networks (RNNs)



Window-Based Encoding for NAP

43

Similar to Last-State Encoding in outcome-oriented 
prediction, with m = window size

We encode m events of a prefix using a sliding window 
from the start to the end of a trace

Reference: Tama et al. (2020)



State-of-the-Art Approach

44

LSTM Deep Learning Architecture

sta
rt A B C

sta
rt A B

sta
rt A

0s

0s

0s



Autoregressive Approach for Suffix Prediction

45

LSTM Deep Learning Architecture

sta
rt A X K

sta
rt A X

sta
rt A

0s

0s

0s X

K



Extension for Timestamp Prediction

46

LSTM Deep Learning Architecture

sta
rt A X K

sta
rt A X

sta
rt A

0s

0s

0s X

K

t=1

t=1

t=1

t=15

t=15

t=15

t=23

t=23
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Tama, B. A., & Comuzzi, M. (2019). An 
empirical comparison of classification 
techniques for next event prediction 
using business process event logs. 
Expert Systems with Applications, 129, 
233-245.



LLMs and Process Mining



Where is Generative AI?

49
Figure from van der Aalst and Carmona Eds . (2022) Process Mining Handbook  (Springer)



50
van der Aalst, W. (2023). Process Management after ChatGPT: How Generative and Predictive AI Relate to Process Mining. LinkedIn Pulse Article (7-12-2023), 7.



51
From: van der Aalst, W. (2023). Process Management after ChatGPT: How Generative and Predictive AI Relate to Process Mining. LinkedIn Pulse Article (7-12-2023), 7.

LLMs in Process Mining



LLMs for PM: Technical Challenges

Input/Output Limitations and Prompt Design

Output Style

Output Verification and Evaluation

52



Limitations of 
Context window 
size
(input/output)

53

There is a limit on the 
size of the input that 

a LLM can handle 
(and the size of the 
output that it can 

produce)

LLMs may struggle 
with context 

windows > 8K words 
(tokens)

The longer the input 
and output, the more 

we pay!

We cannot simply 
give a whole event 
log in input and/or 
ask to produce an 

event log as output

Extract “compact” 
abstractions from 

event logs



Abstractions for Prompt Generation

Directly-Follows Graphs (DFGs)

Process Variants

Process Models

(Customized when necessary)

54

Event 
Log

Compact 
Abstraction LLM



DFGs as Text

DFG capture directly-follows relations and are annotated with frequency 
and performance (time-related) information (possibly aggregated) 

This information can be textually represented to aid an LLM 
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Trace Variants as Text

Similarly to DFGs, process variants can be annotated with frequency in the log and 
time-related performance information

This information can be textually represented to aid an LLM 

Example: 
1000 traces: CheckOrder -> AnalyzeOrder –> Pick Items -> …

750 traces: CheckOrder -> GetMoreInfo -> CheckOrder -> …

…
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Abstractions of Process Models

Petri nets, process trees, BPMN models etc. can be abstracted textually

Declarative process models are “textual” by design

57



Event Log 
Abstractions in 

PM4Py

58



Output Style

Direct Provision of Insights

Code Generation

Automated Hypothesis Generation

59



Direct Provision of Insights
LLM prompt formulated combining event log abstractions and queries to 
provide a direct answer (insight)

“In the context of this event log, what is the meaning 
of activity A?”

“Can you analyze the event log to detect any unusual 
behavior?”

Queries refined or adjusted based on the reply
LLM’s answers may differ across sessions
Make sure LLM focuses only on the provided event log abstraction

60



Code Generation

LLMs are good at creating code (SQL queries, Python scripts, …)

LLMs can be asked to create structured SQL queries to be executed on the 
database holding event log information

LLMs can be asked to generate Python scripts that can perform PM tasks 
on the input event data

61
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Automated Hypothesis Generation

Combine direct insight provision and code generation to prompt LLMs for verifiable 
autonomous hypothesis generation

1. LLM generates hypotheses (insights)

2. LLM generates the code to verify the hypotheses generated

3. (LLM can suggest refinements of the hypothesis based on the verification results)

63



Output Verification and Evaluation

How do we assess the quality of the output produced by the LLM?

Has the LLM hallucinated? 
Hypothesis does not make sense 

Is the output inaccurate? 
Code is not executable or does not give the correct  output if executed

64



Automatic Verification
(for structured output)

Automated testing of the LLM-generated output

Executability of the generated code can be easily tested automatically

Formal correctness of declarative process constraints or other process 
insights with a formal representation may also be verified automatically

65



Human Evaluation

Essential direct querying and hypothesis generation

Recall: LLM’s ability to identify expected insights

Precision: Correctness of insights

Extremely expensive

66



Self-Evaluation and LLM as a Judge

67

Ask the LLM to evaluate 
(or reason about) their 
output

Self-reflection: ask LLM 
to review its or another’s 
output

Chain-of-thought: ask 
LLM to detail their 
reasoning

Confidence scores: ask 
LLM to assess the 
insights’ reliability, 
discarding uncertain 
outputs 

Ensembling: using 
results from multiple 
LLMs

LLM-as-judge: use another LLM (usually known 
to be well-performing) at the task to judge the 
quality of the output



LLMs for Processing Mining 
Benchmark

How good are different LLMs at solving “typical” process mining tasks?

Standard prompts

LLM as a judge (for automated evaluation)

Maintain a leaderboard

68

https://github.com/fit-alessandro-berti/pm-
llm-benchmark/tree/main



Process Mining Tasks for LLM 
Benchmark

1. General-purpose qualitative tasks
2. Process mining domain knowledge questions
3. Process model generation
4. Process model understanding
5. Hypotheses generation
6. Fairness assessment
7. Visual prompts

69



LLMs for Event Log 
Preparation



Background

71

Event log entities

Case Event Rela-
tion

Case 
attrs.

Posi-
tion

Act. 
name

Times
tamp

Reso-
urce

Event 
attrs.

Event 
log 
quality 
issues

Missing 
data I1 I2 I3 I4 I5 I6 I7 I8 I9

Incorrect 
data I10 I11 I12 I13 I14 I15 I16 I17 I18

Imprecise 
data I19 I20 I21 I22 I23 I24 I25

Irrelevant 
data I26 I27

Table. Manifestation of quality issues in event log entities.

Pattern Quality 
issue(s)

Form-based Event 
Capture I16, I27

Inadvertent Time 
Travel I6

Unanchored Event I23, I6

Scattered Event I2

Elusive Case I3

Scattered Case I12

Collateral Events I27

Polluted Label I15, I17

Distorted Label I15

Synonymous Labels I15

Homonymous Label I22

Bose, R. J. C. et al. (2013). Wanna improve process mining results?. In 2013 IEEE symposium on 
computational intelligence and data mining (CIDM) (pp. 127-134). IEEE.

Suriadi, S., Andrews, R., ter Hofstede, A. H., & Wynn, M. T. (2017). Event log 
imperfection patterns for process mining: Towards a systematic approach to cleaning 
event logs. Information systems, 64, 132-150.



Form-Based Event Capture

72



Polluted Labels

73



Distorted Labels

74



Problem Formulation

Detecting event log imperfection patterns today 
requires domain experts manually crafting detection rules
for each imperfection type. 

What if a Large Language Model (LLM) could do this automatically? 

75



Vibe Coding

76

     

   

             

          

          

                    

             

             

                             



Our Approach
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Phase 1: Identify Candidate Patterns

78

Identify the correct role of 
columns in the log

1

Compute log abstractions 
(PM4Py, no GenAI)

2

Rank likelihood of patterns in 
event logs3



Dataset for Experiment

Real-world (BPIC) and synthetic event logs

Each type of error injected by FLAWD[1],
affecting 2%, 10%, 30% of events

79
1 GitHub - jonghyeonk/FLAWD · GitHub 

https://github.com/jonghyeonk/FLAWD
https://github.com/jonghyeonk/FLAWD
https://github.com/jonghyeonk/FLAWD
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Process model abstractions better 
than list of variants

FORM-BASED

DISTORTED

HOMONYMOUS

SYNONYMOUS

COLLATERAL

POLLUTED



Phase 2
Can we automatically find exactly which events 
are responsible?

81



Phase 2: Agentic Feedback Loop

82

Select final iteration
[1] Madaan, A., et al. (2023). Self-Refine: Iterative Refinement with Self-Feedback. NeurIPS 2023.
[2] Shinn, N., et al. (2023). Reflexion: Language Agents with Verbal Reinforcement Learning. NeurIPS 2023.

                            

                    

   

                           

                   
              

        

                                                 

  

     

   

                    

                         

                            

                                                  

                                 

                   

                                 

                                        

                                           

                                                 



Trajectory examples: GI and CRS
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Trajectory examples: Declining and Erratic

84



To conclude…

Predictive AI to predict ”aspects of 
interests” of business process future 
execution

For Generative AI: pick your use case, 
the sky is the limit!
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THANKS!
https://marco-comuzzi.github.io
http://iel.unist.ac.kr/ 

@dr_bsad
mcomuzzi@unist.ac.kr

http://iel.unist.ac.kr/
http://iel.unist.ac.kr/
http://iel.unist.ac.kr/
http://iel.unist.ac.kr/
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