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Abstract. The principle of “Garbage In, Garbage Out” (GIGO) states
that the quality of analytical outputs is fundamentally determined by the
quality of their inputs. In Process Mining, this implies that predictive
performance is highly dependent on the quality of event logs used as input
data. This study investigates how Data Governance, Data Quality, and
Data Standardization influence Predictive Process Monitoring outcomes
in healthcare by improving event log quality. In healthcare settings, these
logs are generated through the actions of clinicians and administrative
staff, whose recording practices directly affect data consistency and relia-
bility. Data Governance and Data Quality provide mechanisms to ensure
that such recordings are consistent, reliable, and suitable for predictive
analysis. We focus on Failure To Rescue (FTR), defined as a preventable
clinical deterioration resulting from delayed recognition and interven-
tion. Using a real hospital dataset, we conduct a comparative analysis
between raw and standardized event logs to evaluate their impact on
FTR prediction performance.

Keywords: Data Governance · Data Quality · Data Standardization ·
Process Mining · Predictive Process Monitoring · Healthcare

1 Introduction

In Process Mining, event data constitute the primary source of information [8].
Events are timestamped occurrences recorded in information systems, such as
patient monitoring activities in healthcare. Using event logs, Data Science aims
to answer four types of questions [8]: reporting (what happened?), diagnosis (why
did it happen?), prediction (what will happen?), and recommendation (what is
the best that can happen?).

These questions are addressed through a range of data-driven techniques,
whose effectiveness depends directly on the quality of the underlying data. Pro-
cess Mining aims to discover, monitor, and improve real processes by extracting
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knowledge from event logs available in information systems [7]. It encompasses
three main types: discovery, which derives a process model from event data; con-
formance, which compares observed behavior with a reference model to detect
deviations; and enhancement, which extends or improves existing models based
on event log information [7]. Furthermore, the integration of Artificial Intelli-
gence has led to Predictive Process Monitoring, a branch focused on predicting
the future execution of processes [11].

In healthcare, Process Mining has been applied to clinical pathway analysis
and disease trajectory modeling [15]. These applications enable the comparison
of different process variants and the study of how diseases evolve across patient
populations. However, healthcare processes are often characterized by poor Data
Quality due to manual and heterogeneous data recording practices, which intro-
duce inconsistencies and variability in event logs [15]. This situation highlights
the need for systematic techniques to assess and improve data quality, as em-
phasized in recent studies [18]. Despite this growing interest, limited empirical
evidence exists on how Data Governance and event log standardization jointly
affect Predictive Process Monitoring performance in real healthcare settings.

This work is part of a multidisciplinary project involving computer science
and nursing researchers, aimed at improving healthcare processes through Pro-
cess Mining. The focus is on Failure To Rescue (FTR), defined as preventable
patient deterioration due to delayed recognition and intervention. FTR typi-
cally arises from complex care processes with multiple interacting factors that
are not fully integrated or well understood. Using a real hospital dataset, this
study empirically evaluates the impact of Data Governance, Data Quality, and
Data Standardization on Predictive Process Monitoring by comparing raw and
standardized event logs in the FTR context.

2 Background

To address the challenges outlined above, this section introduces the key con-
cepts and standards underpinning Data Governance, Data Quality, and Data
Standardization in healthcare event logs. From a “Data-first, AI-second” per-
spective, model performance is fundamentally constrained by the quality of the
underlying data, as reliable analytical outcomes depend on well-structured and
well-managed inputs [10]. Prior research has examined how data quality is as-
sessed in clinical environments, reporting substantial variability in methods, di-
mensions, and metrics, which highlights the lack of standardization [9]. This
literature consistently emphasizes the need for common frameworks and system-
atic practices to improve data reliability in clinical research. For this purpose,
this study integrates Data Governance, Data Quality, and Data Standardization
as follows.
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Data Governance defines how data are controlled, shared, and managed
throughout their lifecycle. It is supported by frameworks such as ISO 8000 [1],
while UNE 0080 [2] adapts these principles to organizational structures, gover-
nance models, and practical data management processes in the Spanish context.

Data Quality refers to the degree to which data meet specified requirements
in a given context. ISO/IEC 25012 [4] defines 15 quality characteristics, including
accuracy, completeness, and consistency, while ISO/IEC 25024 [5] and ISO/IEC
25040 [6] specify metrics and evaluation procedures. UNE 0081 [3]complements
these standards by adapting them to applied and organizational settings. Based
on UNE 0081 mappings [3], this study compares ISO/IEC 25012 [4] character-
istics with those proposed by the European Health Data Space (EHDS). The
analysis identifies five common characteristics as most relevant for healthcare:
accuracy, completeness, consistency, compliance, and timeliness. These
are used as the basis for evaluating the hospital dataset in the Failure to Rescue
(FTR) case study. For Data Standardization, this study considers three widely
used clinical taxonomies:

– NANDA: nursing diagnosis classification for identifying patient problems
[13].

– NIC: classification of nursing interventions for standardizing clinical actions
[17].

– NOC: classification of nursing outcomes for evaluating patient progress [14].

Additionally, SNOMED CT (Systematized Nomenclature of Medicine – Clinical
Terms) provides a comprehensive clinical ontology for consistent representation
of medical information across systems and settings [16].

Together, Data Governance, Data Quality, and Data Standardization con-
stitute the analytical framework used in this study to evaluate how event log
improvements affect Predictive Process Monitoring performance in the Failure
to Rescue (FTR) case study.

3 Research Method

This research work, and in particular this Failure To Rescue (FTR) case study,
analyzes 11,220 real-world clinical records from a hospital (March 2023–February
2024) to study FTR using Process Mining and Predictive Process Monitoring.
The data collected in this dataset are pseudo-anonymized and refer to sociode-
mographic variables and basic clinical data of adult patients hospitalized on the
ward. In addition, the dataset includes information on patients’ surgical proce-
dures, vital signs and laboratory results, as well as other values that measure
their functional capacity.

The main objective is to evaluate how Data Governance, Data Quality, and
especially Data Standardization influence the accuracy and usefulness of Pro-
cess Mining results in detecting FTR situations. The study compares outcomes

P
al

om
ar

es
, N

., 
G

ra
ng

el
, R

., 
V

al
er

o-
C

hi
lle

ró
n,

 M
. J

.: 
F

ro
m

 R
aw

 to
 R

el
ia

bl
e 

E
ve

nt
 L

og
s 

in
 H

ea
lth

ca
re

: D
at

a 
G

ov
er

na
nc

e,
 Q

ua
lit

y,
 a

nd
 S

ta
nd

ar
di

za
tio

n 
fo

r 
P

re
di

ct
iv

e 
P

ro
ce

ss
 M

in
in

g.
 In

: C
et

in
a,

C
. (

ed
.)

 A
ct

as
 d

e 
la

s 
X

X
X

 J
or

na
da

s 
de

 In
ge

ni
er

ía
 d

el
 S

of
tw

ar
e 

y 
B

as
es

 d
e 

D
at

os
 (

JI
S

B
D

 2
02

6)
. S

is
te

de
s 

(2
02

6)
. h

ttp
s:

//h
dl

.h
an

dl
e.

ne
t/1

17
05

/J
IS

B
D

/2
02

6/
77

https://creativecommons.org/licenses/by-nc-nd/4.0/deed.en
https://creativecommons.org/licenses/by-nc-nd/4.0/deed.en


This work is licensed under a Creative Commons “Attribution-NonCommercial-NoDerivatives 4.0 International” license.

4 Noelia Palomares, Reyes Grangel, and Maŕıa Jesús Valero-Chillerón

with and without data standardization to determine its impact and identify best
practices.

The research follows a mixed-methods approach structured into four phases,
in which multidisciplinary collaboration between the IT team and nursing staff is
essential, as they are experts in the information domain and capable of validating
the results:

1. Data Extraction and Preparation. For Data Quality and Standardiza-
tion purposes, this phase involves extracting and structuring relevant hospi-
tal data into a unified event log. It includes data quality checks based on five
dimensions: (1) accuracy, (2) completeness, (3) consistency, (4) compliance,
and (5) timeliness. Data preprocessing activities include handling missing
or erroneous data, resolving inconsistencies, and validating records against
clinical standards to ensure a reliable dataset.

2. Data Mapping. For Data Quality and Standardization purposes, this phase
involves the semantic mapping of clinical taxonomies (NANDA/NIC/NOC)
to SNOMED CT in order to produce standardized event logs.

3. Data Modeling. From a Data Governance perspective, this phase consists
of constructing a BPMN reference model of the FTR care process. This
model defines the standardized clinical workflow and serves as a governed
reference against which event log behavior can be assessed in terms of con-
sistency, compliance, and conformance.

4. Analysis and Evaluation. This phase applies conformance checking [12]
and predictive process monitoring techniques [11] using both, model-based
approaches and approaches based on machine learning, to identify deviations,
risks, and bottlenecks, followed by a comparative analysis between raw and
standardized event logs.

4 Contribution of the Proposed Research

This research provides an integrated empirical analysis of Data Governance,
Data Quality, and Data Standardization in Predictive Process Monitoring for
healthcare.

1. The study proposes a unified pipeline that combines governance principles,
data quality assessment, and standardized mapping of clinical taxonomies
to construct reliable event logs for Process Mining.

2. It presents a comparative empirical evaluation between raw and standardized
event logs using a real hospital dataset in a Failure To Rescue (FTR) case
study, providing evidence of their impact on predictive performance.

3. The study highlights the role of clinical and administrative expertise in en-
suring correct interpretation, validation, and semantic consistency of event
data, which is essential for reliable Process Mining outcomes.

4. By abstracting the proposed pipeline, the approach can be generalized to
other domains beyond healthcare, enabling improved Predictive Process Mon-
itoring in different contexts.
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