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ABSTRACT
This article presents a method for prioritizing data quality dimen-
sions based on the ISO/IEC 25012 standard, using the Analytic
Hierarchy Process (AHP) technique. The method assists in assess-
ing data quality for training predictive models, considering the
relevance of dimensions according to the application context. The
research combines qualitative analysis, through the collection of
expert judgments, and quantitative analysis to calculate relative
weights between the selected dimensions. To assess the method’s
reproducibility and applicability, a simulation was conducted for
a predictive model in hospital bed management. The simulation
results indicate the feasibility of guiding data quality improvement
actions and strengthening information governance for use in pre-
dictive modeling.
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1 Introduction
The increasing availability of data from theWeb and mobile sources
has driven research in data analytics, particularly in predictive mod-
eling, which supports decision-making in various domains—especially
healthcare [18].

Data quality is critical for ensuring the reliability of clinical data
and the outcomes derived from it. Inaccuracies, inconsistencies,
or delays in clinical data can significantly compromise the perfor-
mance of predictive models and the decisions they inform [18]. The
ISO/IEC 25012 standard provides a conceptual model to evaluate
data quality across various contexts, including healthcare, by defin-
ing a set of dimensions such as accuracy, completeness, timeliness,
and consistency [6].

While ISO/IEC 25012 outlines important principles for evaluat-
ing data quality, it does not offer a clear framework for selecting
and prioritizing its dimensions in specific application domains. To
bridge this gap, it was introduced a method grounded in the An-
alytic Hierarchy Process (AHP), implemented using the AHP-OS
platform, which converts expert assessments into a structured rank-
ing of relevant quality dimensions.

The proposed method supports the selection of data quality di-
mensions most appropriate for predictive modeling tasks. It demon-
strate its application through a simulation involving hospital bed
management, a domain in which data quality plays a critical role
in supporting effective decision-making and resource distribution.

• A structured, replicable method for prioritizing data quality
dimensions based on ISO/IEC 25012;

• The partial application of AHP technique using AHP-OS to
facilitate expert-driven decision-making; and

• The practical validation of the method in a real-world health-
care scenario.

The remainder of this paper is organized as follows: Section 2
presents the theoretical background; Section 3 describes themethod-
ology; Section 4 details the proposed method and simulation; Sec-
tion 5 discusses the results; and Section 6 concludes with final
remarks and future research directions.

2 Theoretical Background
2.1 Data Quality
When data contains issues like missing values, repeated entries,
or system-related inconsistencies, the results of any analysis can
become less reliable or even misleading. In health-related applica-
tions, this often leads to a lack of trust in patient records, confusion
in clinical decisions, and reduced performance in machine learning
models.

The ISO/IEC 25012 standard outlines 15 different dimensions to
assess data quality, divided into two groups: inherent and system-
dependent. The first group relates to the natural characteristics
of the data itself, such as how accurate or complete it is. The sec-
ond focuses on how the data is handled or supported by systems,
including aspects like accessibility and availability.

Accuracy refers to how correctly data represent the actual value
of an attribute, subdivided into syntactic and semantic accuracy.
Completeness measures whether all expected attributes and in-
stances are present. Consistency ensures that data are free from
contradictions within or across entities. Credibility reflects users’
trust in data authenticity. Currentness evaluates whether data are
timely and relevant.

System-dependent dimensions include accessibility, indicating
user access capabilities; compliance, adherence to standards; con-
fidentiality, protection from unauthorized access; efficiency, pro-
cessing performance; traceability, ability to track changes; under-
standability, ease of interpretation; availability, reliable retrieval;
portability, ease of migration; and recoverability, resilience after
failure.

These dimensions are summarized in Table 1.
In AI-based decision systems, data quality is essential to mitigate

risks. As cited by Lackoff [7], input errors could introduce biases
and jeopardize model performance. Using standardized criteria like
ISO/IEC 25012 it’s possible to prioritize the most relevant aspects,
aligning the evaluation with the dataset’s analytical context and
ensuring with a consistent method.
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Table 1: Data Quality Dimensions Adapted from ISO/IEC
25012 [6].

Dimension Inherent System Dependent
Accuracy X

Completeness X
Consistency X
Credibility X
Currentness X
Accessibility X X
Compliance X X

Confidentiality X X
Efficiency X X
Precision X X

Traceability X X
Understandability X X

Availability X
Portability X

Recoverability X

2.2 Analytic Hierarchy Process
The AHP is a multicriteria decision-making technique that com-
bines both qualitative and quantitative elements through pairwise
comparisons [12]. It is suitable for complex situations where a
standardized prioritization framework is required.

The AHP structures decision problems into hierarchical levels,
beginning with the overall objective and followed by criteria, sub-
criteria (if applicable), and alternatives. This organization enhances
clarity and ensures transparency throughout the decision-making
process.

The method involves three key steps:

(1) structuring the problem into a hierarchy;
(2) conducting pairwise comparisons among elements at each

level using a 1-to-9 scale;
(3) evaluating the consistency of judgments.

The consistency ratio (CR) is an index that evaluates the co-
herence of judgments in pairwise comparisons,; values above the
threshold of 0.10 indicate the need for revision to ensure decision
reliability.

AHP is a method that converts subjective expert judgments
into numerical values that support objective prioritization. AHP
is a multicriteria technique that supports evaluations involving
qualitative criteria through a standardized comparison scale, which
allows consistent decision-making even without empirical data [4].

AHP-OS is a platform that automates the AHP process by gener-
ating comparison matrices, calculating priority weights, and per-
forming consistency checks [3].

2.3 Digital Health
Digital health integrates information and communication technolo-
gies to improve healthcare delivery, enhancing efficiency, acces-
sibility, and service quality [15]. Solutions such as telemedicine,
mobile health apps, and electronic health records have expanded

the volume and complexity of clinical data, reinforcing the need
for robust data quality practices.

The effectiveness of predictivemodels in healthcare relies heavily
on the quality of training data. Inadequate data—such as duplicates,
missing values, or inconsistencies—can degrade model performance
and compromise decision-making [2]. Key data quality dimensions
like accuracy, completeness, consistency, and relevance are essential
for ensuring reliable analytical outcomes in digital health environ-
ments.

In Big Data environments, good data quality helps organizations
work better and make clearer decisions. Studies show that even
data from indirect sources can improve user satisfaction and make
intelligent systems more trustworthy [16].

Thus, implementing structured data quality assessment aligned
with domain-specific needs is critical for maximizing the value of
digital health initiatives and supporting reliable AI-driven health-
care solutions.

3 Research Methodology
Data quality should be evaluated considering coherence and cor-
respondence with the application domain, a principle called onto-
logical foundation [17]. This foundation is necessary to ensure
that the selected quality dimensions reflect the characteristics of
the context in which the data will be used, guaranteeing semantic
validity and information integrity.

Considering that each context presents its own characteristics
and requirements, the selection of appropriate dimensions is en-
sured through the coordinated action of a project manager, re-
sponsible for defining specifications and managing activities, and a
business specialist, tasked with analyzing the specific needs of
each context. This collaboration allows adapting the prioritization
of quality dimensions to the project’s objectives, contributing to
decision-making in data quality management.

From this concept, the quality dimensions are hierarchized
and prioritized to focus on those that present greater relevance
to the project domain, facilitating data quality management.

After defining the data quality dimensions, the application of
AHP techniquewas structured to obtain the relative importance
weights among the selected criteria. The proposed method consists
of transforming subjective judgments into numerical values
through pairwise comparisons between criteria, using a scale of
importance to rank the elements. The technique was operational-
ized through the use of the AHP-OS tool, which enables practical
execution of these comparisons, automatic calculation of eigenvec-
tors (relative weights), and verification of the consistency index
of judgments to ensure response coherence [3]. The weights ob-
tained from AHP technique application were used to build a
prioritization matrix among the selected data quality dimensions.
This matrix functions as the method’s result, establishing the order
of relative importance of the dimensions and serving as a reference
to support future data quality evaluation processes, enabling tar-
geted qualification efforts in accordance with specific analytical
project objectives.

For the method’s application, an experiment was designed
with the participation of specialists from the health, data, and
information technology areas. For this purpose, a hypothetical
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system was conceived for the simulation with the design of a con-
ceptual database structure. The objective was to contextualize the
method’s application. This structure was developed from attributes
commonly found in hospital systems, such as patient_id, ad-
mission_date, length_of_stay, and primary_diagnosis. This
simulation was used solely to assess the method’s applicability
and does not involve real or confidential data; therefore, ethical
committee approval was not required.

Finally, the method’s application was conducted in a representa-
tive scenario of the health domain, related to hospital bed man-
agement. This application aims to validate the “model’s’ utility as a
tool to support the prioritization of quality criteria in databases
that underpin decision-making. The method was developed and
formalized through a flowchart representing the sequential, mod-
ular, and replicable model of method application. This structure
facilitates the understanding, adaptation, and repetition of the
process in different analytical contexts.

4 Proposed Method
The proposed method supports the prioritization of data quality
dimensions from the ISO/IEC 25012 standard for predictive models,
aligning with the specific needs of different domains and analytical
contexts. It is structured in sequential and modular steps, from
project scoping to the generation of data governance recommenda-
tions.

This approach addresses a gap in both literature and practice re-
garding the operationalization of ISO/IEC 25012, which presents 15
conceptual data quality dimensions—grouped into inherent, system-
dependent, and relational categories [6]—but does not provide guid-
ance on selecting or ranking them based on specific application
needs.

Each context has its distinct requirements; it is important to
analyze project goals and constraints before deciding to prioritize
of quality dimensions. This ensures focus on dimensions that truly
impact data usage, improving the efficiency of quality improve-
ment efforts. This analysis is important to avoid irrelevant quality
dimensions may be included in the study, reducing effectiveness
and decision reliability of the model.

To ensure contextual alignment, the method involves both a
project manager and a business analyst. Together, they define tech-
nical, operational, and strategic requirements and validate the se-
lected dimensions, promoting a prioritization process oriented to-
ward practical results.

Themethodology involves both a project manager and a business
analyst, responsible for ensuring the proper execution of all phases
and for validating the selected data quality dimensions for the
prioritization process.

The method also allows modular adjustments for different do-
mains, supporting the inclusion of new dimensions or evaluation
criteria when needed. This flexibility enables the consideration
of additional factors such as data lifecycle, decision impact, and
resource limitations for quality improvements.

AHP was chosen as the supporting technique, as it converts
subjective expert judgments into quantitative weights for decision
making [4, 12, 14]. The AHP-OS tool [3] facilitates the process by
ensuring consistency and traceability in results.

The method structures the prioritization process and adapts it to
project-specific requirements, helping direct quality improvement
efforts and supporting the development of reliable and effective
predictive models.

Prioritization Flowchart of Data Quality Dimensions. The process
of prioritizing data quality dimensions for predictive models was
organized into four stages:

(1) Presentation of the overall flow via a visual flowchart;
(2) Definition of the project scope;
(3) Partial application of AHP technique to rank the dimensions;
(4) Preparation of a report with recommendations.

Figure 1: Flowchart for Prioritization of Data Quality Dimen-
sions

As shown in Figure 1, the method begins with assigning a project
manager responsible for overseeing all steps. The project scope is
then defined through the collection of key information such as
the predictive model type, relevant data quality dimensions, and
specification parameters.

This information is stored in a structured database, which serves
as a repository for the project’s core elements. Simultaneously,
different predictive models are assessed to determine the most suit-
able one based on data characteristics and project goals, following
recommended practices for sensitive data contexts [18].

Prioritization considers the ontological alignment between data
and the application domain, ensuring relevance to the analytical
context, as outlined in the theoretical framework.

Once the scope and critical variables are established, the quality
dimensions are organized into a hierarchy using routines based
on ISO/IEC 25012 criteria. These dimensions are recorded in the
specification database and serve as the foundation for later stages
of evaluation and treatment.

The project receives information from various databases origi-
nating from diverse sources. This data must be transformed into a
standardized format to facilitate analysis by the predictive model
[2]. Standardization involves multiple steps, such as formatting,
structural verification, and other data harmonization procedures.

After the scope definition phase is completed, the data quality
dimensions prioritization phase begins. Hierarchization serves as
an input for generating the final recommendation report, which
utilizes the project’s data as foundational inputs [8].
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Project Scope Definition. The scope definition stage, shown in Fig-
ure 2, marks the initial phase of the data quality dimension prioriti-
zation method. The process begins with formalizing the objective
of the predictive model, with active participation from the business
analyst, who helps define responsibilities and align goals. This ob-
jective is recorded in the project specifications database and serves
as the basis for later decisions.

Next, the appropriate type of predictive model is selected based
on alignment with project goals, data characteristics, and technical
requirements. Information about the model is stored in the same
specification database.

Specialists then define the set of data quality dimensions to be
used for evaluating the relevant databases. This selection is based
on project needs, model requirements, and the ISO/IEC 25012 stan-
dard [6], ensuring the reliability of the data. The selected data
sources are assessed for compatibility with project goals, data avail-
ability, and structure. These characteristics are documented in the
project database.

Business specialists review the specifications to confirm that the
selected definitions align with model requirements and validate all
critical components.

In the subsequent stage, data quality specialists, database ex-
perts, and business experts are selected to participate in the AHP
survey and establish the prioritization of data quality dimensions.
By leveraging techniques from diverse areas of expertise, ensuring
that multiple perspectives are considered. According to [5], the in-
tegration of technical and business expertise enhances the analysis
of data maturity by taking into account both data quality and its
strategic value. This multi-faceted approach contributes to the gen-
eration of consistent and context-specific priorities for the targeted
application, thereby supporting improvements in the performance
of predictive systems [7, 18].

Figure 2: Define Project Scope to Apply Predictive Model

Hierarchizing Data Quality Dimensions. After defining the project
scope, the next step is to prioritize the selected data quality dimen-
sions, as shown in Figure 3. This phase is to organize the dimensions
through the partial application of AHP technique, ensuring consis-
tency and structure in the evaluation.

The project database serves as input to create the AHP survey
using the AHP-OS tool [3]. The survey generated by the tool allows

experts to perform pairwise comparisons in accordancewith Saaty’s
method [12]. The survey is completed by the selected specialists,
who input their responses directly into the system. The responses
are stored automatically within the system, ensuring traceability
and data integrity [18].

Once responses are collected, AHP-OS processes the data, gener-
ating priority vectors and consistency indices to assess the reliabil-
ity of judgments [9]. The tool calculates the maximum eigenvalue
(𝜆max) of each matrix, from which the Consistency Index (CI) is
computed: CI = (𝜆max−𝑛)/(𝑛−1), with 𝑛 as the number of criteria.
The Consistency Ratio (CR) is derived by dividing the CI by the
Random Index (RI), where 𝑅𝐼 = 0.58 for 𝑛 = 3, 0.90 for 𝑛 = 4, and
1.12 for 𝑛 = 5 [12].

Judgments are accepted when 𝐶𝑅 < 0.10 [13]. If a participant
exceeds this threshold, their matrix is revised; if it remains incon-
sistent, their input is excluded to ensure the validity of results.

Although the calculations of CI and CR are performed automat-
ically by the AHP-OS tool, their computations are described in
this paper for educational purposes, to provide an understanding
of the mathematical theory underlying the assessment of these
consistency parameters. In practice, the research relied on the au-
tomated processing capabilities of the tool, ensuring accuracy and
standardization.

Based on valid responses (i.e., 𝐶𝑅 ≤ 0.10), normalized tech-
niques are used to determine the relative weights of each dimension.
These weights define the final ranking of the data quality dimen-
sions, which is recorded in the project database. This classification
supports future decisions on data quality assessments and guides
improvement strategies [2, 7].

Figure 3: Rank Data Quality Dimensions

Report of Prioritization and Recommendations. After completing the
hierarchy of data quality dimensions, the next step is to retrieve the
prioritized list from the project database, as shown in Figure 4. This
ordering is based on the weights from AHP technique and consid-
ers predefined project parameters, such as the selected predictive
model.

The prioritized list is then used to guide further stages of analysis
and database structuring, ensuring the model is built according to
quality criteria and project goals [18].

With the dimensions ranked, the final database is defined. This
includes selecting data sources, choosing the variables that will
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compose the dataset, and identifying key relationships. These steps
follow the project specifications, ensuring alignment between re-
quirements and data structure [2].

Once the classification and prioritization of data quality dimen-
sions are completed, the data are recorded in the database. The
database is then used to identify which data sources will be uti-
lized to create the foundational dataset for the predictive model.
These steps adhere to the project specifications, ensuring alignment
between the requirements and the data structure [2].

A consolidated report is generated at the conclusion of the pro-
cess. The results of the prioritization and the analysis of the database
structure are systematically utilized for system improvement and
also serve as a basis for future adjustments to the predictive model.

Figure 4: Generate Prioritization Reports and Recommenda-
tions

5 Simulation
This section presents the application of the proposed method in the
context of hospital bed management. The procedure followed the
steps illustrated in Figure 1.

Hospital bed management is a strategic area of healthcare ad-
ministration, influencing resource allocation and care quality. The
reliability of predictive models used in this context depends on
the quality of data. Prioritizing specific data quality dimensions
supports better system operation and decision-making, especially
in complex hospital environments.

Accurate bed allocation relies on complete, consistent, and up-to-
date data. Inaccurate information can lead to operational inefficien-
cies, longer patient wait times, and increased pressure on clinical
teams [11]. The partial application of AHP technique enables the
prioritization of data quality dimensions, helping managers focus
on the most critical aspects for decision.

Indicators such as bed occupancy require reliable data that ac-
curately reflect hospital dynamics. Improving data quality in this
context supports efficient resource use and enhances patient safety.

The method was applied to the Intensive Care Unit (ICU) admis-
sion regulation process, which requires high-quality data due to
its critical nature. The Federal Council of Medicine (CFM) Reso-
lution No. 2.156/2016 provides five criteria used to prioritize ICU
admissions:

(1) Diagnosis and patient need;
(2) Available medical services;
(3) Prioritization by clinical condition;
(4) Bed availability;

(5) Potential therapeutic benefit and prognosis.
Effective bed management balances capacity, admission demand,

and clinical criteria, ensuring care continuity, efficient resource use,
and overall institutional performance [2]. According to CFM guide-
lines, ICU admission should consider severity, recovery potential,
and expected treatment outcomes, while discharge decisions should
be based on stabilization or clinical irreversibility [1].

Reliable clinical and administrative data from hospital systems
are essential for traceability, information integrity, and effective
decisions. Poor-quality data—whether incomplete, inconsistent, or
outdated—can impair care coordination and negatively affect per-
formance metrics [10, 18].

Defining structured criteria for data quality assessment is a key
strategy to improve data recording and analysis. In environments
where predictive models support clinical or managerial decisions,
selecting appropriate data quality dimensions is vital to ensure the
usefulness and reliability of the analysis [2].

This simulation aimed to define the problem context and identify
critical elements for building the predictive model, including the
database, key variables, data sources, and record characteristics.
Based on this, the most relevant data quality dimensions for the
context were selected.

Project Scope Definition. This stage defines the scope of applying
the proposed method to hospital bed management. The predic-
tive model aims to support ICU bed prioritization and allocation,
based on clinical criteria from CFM Resolution No. 2,156/2016, as
detailed in Table 2. The definition involved specialists in hospital
management and data analysis, focusing on evidence-based deci-
sions aligned with public healthcare dynamics.

Table 2: Prioritization of Admission to the Intensive Care
Unit [1]

Priority Rule
§ 1 Life-support interventions with high

recovery probability, no therapeutic
limitations.

§ 2 Intensive monitoring with high risk of
intervention, no therapeutic
limitations.

§ 3 Life-support needed, low recovery
chance or therapeutic limitations.

§ 4 Intensive monitoring, high risk, but
with therapeutic limitations.

§ 5 Terminal patients, no recovery
possibility. Admission only in
exceptional cases.

Based on the ICU admission rules, it was defined the most suit-
able predictive model to ensure greater adherence. The most ap-
propriate model was identified as a decision support system that
integrates clinical and administrative data from hospital informa-
tion systems. Among the predictive model options, such as linear
regression, decision trees, and Gradient Boosting, the eXtreme Gra-
dient Boosting (XGBoost) model was selected due to its capability to
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Figure 5: Weight Selection Screen for each Group of Data
Quality

handle complex interactions among variables, its tolerance to miss-
ing data, and its ability to produce interpretable results. Decisions
are based on these characteristics, which contribute to transparent
decision-making in the triage of patients for critical care.

Next, themost relevant data quality dimensionswere selected—those
classified as *inherent* by ISO/IEC 25012: accuracy, completeness,
consistency, credibility, and timeliness. Dimensions related to sys-
tem dependencies were excluded, based on project scope criteria.

Data sources were defined, including hospital and mortality
information, utilizing clinical data tomeet the criteria established by
CFM, such as diagnosis, severity score, admission status, and length
of stay. Compatibility between the originate data and the objectives
of the predictive system must be aligned to ensure coherence.

A hospital regulation specialist reviewed the technical and func-
tional specifications—covering variables, sources, and prioritization
logic—to ensure alignment with real-world constraints and health-
care system guidelines.

Experts in hospital management, data quality, health IT, and ma-
chine learning were then selected to support prioritization and eval-
uation. Their combined expertise ensured coherence with project
goals and methodological consistency.

Finally, a business analyst validated the project’s definitions and
data, confirming their alignment with model requirements and
ensuring the reliability of information used during model develop-
ment.

Hierarchizing Data Quality Dimensions. After defining the scope
and selecting relevant data quality dimensions for hospital bed man-
agement, the next step was to establish their relative importance
using AHP technique via the AHP-OS platform.

The AHP-OS interface allows users to input pairwise compar-
isons, generating real-time results, weight charts, and reports. Each
specialist accessed the system individually to provide judgments in
a controlled environment. Figure 5 shows the weight input screen,

Figure 6: Screen with Details of Data Quality Dimensions
Source

while Figure 6 displays the dimension detail view and the initial
global consistency index.

The specialist selection criteria included higher education, expe-
rience in healthcare or data science, and technical and/or business
expertise to perform comparisons of data quality dimensions. The
selected participants possessed diverse profiles, including machine
learning and database technicians, as well as healthcare profes-
sionals, which enhanced the variety of opinions and perspectives
regarding data quality.

All had at least an undergraduate degree, along with postgradu-
ate education in areas like software engineering, data science, or
healthcare. Additional criteria included experience in data clean-
ing, familiarity with ISO/IEC 25012, and understanding of the AHP
method.

AHP technique was employed and demonstrated suitability for
evaluating expert judgments, particularly in situations where ob-
jective data were not fully concrete [12, 17]. A global consistency
index was calculated to assess the level of agreement among re-
sponses. Alignment is crucial to ensure reliability, as inconsistent
judgments can significantly impact the prioritization results [12].
The resulting weights were recorded in the project’s database for
subsequent use in the next phase of the method.

Participation occurred remotely, with judgments entered directly
in the AHP-OS tool. The sample included 20 professionals, with 65%
from the private sector and 35% from other domains (public sector,
freelancers, etc.). Regarding AHP experience, 55% reported being
experienced or highly experienced.

Following data collection, a consensus analysis was conducted.
Participants with outlier judgments were asked to review their
inputs. Responses not aligned with the group were excluded to
improve result consistency, as recommended in multi-expert AHP
studies [12].

Generate Report of Prioritization and Recommendations. Following
the completion of the prioritization phase of the data quality di-
mensions, information stored in the project database was extracted.
This task aimed to organize the dimensions according to the prior-
ity order assigned by the specialists. The ranking considered results
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obtained through the partial use of AHP technique, as well as pre-
defined parameters, including the type of predictive model to be
adopted in the context of bed management.

Based on this prioritization, the structure of the database to be
employed in the project was defined. This definition included the
selection of institutional data sources, the choice of variables com-
posing the dataset, and the identification of relevant relationships
among these variables. The definition process was guided by the
scope of the predictive model and the model to be applied in bed
allocation, following guidelines established by Resolution CFM No.
2.156/2016 [1].

From the database structuring and dimension prioritization, a
technical report was prepared containing recommendations related
to data quality assessment. The report indicated procedures for
analyzing the prioritized dimensions, including verification of data
integrity, identification of gaps, and analysis of internal consistency
of the variables.

This document aimed to guide the execution of the evaluation
and treatment stages of the database, according to the needs of
the predictive model. The recommendations were based on the
weights assigned to the quality dimensions and on the relationships
established between these dimensions and the operational data used
in the clinical decision-making process.

Based on the analyses, the final recommendation report was
developed, presenting the results of AHP technique application and
the evaluation of the database structure. This report provides an
expert opinion to support the implementation of corrective mea-
sures, the development of predictive systems, and the governance
of data quality.

Information quality governance encompasses practices and stan-
dards that ensure data integrity, reliability, consistency, and security.
The report supports decision-making processes. The prioritized data
quality dimensions (based on the ISO/IEC 25012 standard and AHP
technique) credibility, consistency, accuracy, timeliness, and com-
pleteness—are employed to evaluate and enhance hospital databases
utilized in bed management.

Discussion on the Application of the Method. After completing the
prioritization of data quality dimensions, the project database was
consulted to extract and organize the dimensions by importance.
The ranking was based on the partial application of AHP technique
and on project-specific parameters, such as the chosen predictive
model for hospital bed management.

This prioritization guided the definition of the project’s data-
base structure, including the selection of institutional data sources,
relevant variables, and relationships among them. The structuring
process aligned with the scope and requirements defined by CFM
Resolution No. 2.156/2016 [1].

A technical report was developed with recommendations for
assessing the prioritized dimensions. It outlines procedures for
evaluating data integrity, identifying missing data, and verifying
the consistency of the data, with a focus on the requirements of the
predictive model.

Finally, the recommendations were based on the dimension
weights and their relevance to operational data used in clinical
decisions. This document supported the evaluation and treatment

Figure 7: Familiarity with AHP

stages of the dataset, offering practical guidance for improving data
quality and data governance.

The prioritized dimensions of credibility, consistency, accuracy,
timeliness, and completeness followed ISO/IEC 25012 and the AHP
results. These guided the assessment and enhancement of hospital
data quality for bed management.

6 Results
All 20 participants signed the Free and Informed Consent Form
(TCLE), ensuring ethical compliancewith CNSResolutionNo. 196/96.
The TCLE confirmed participants’ understanding of the study’s
goals and authorized the use of secondary data.

Participants were categorized into two main areas: healthcare,
and data science/information technology. Around 40% work with
data quality, governance, or database management; 30% specialize
in modeling, prediction, or integration; and 20% are from healthcare,
higher education, or applied research. Although fewer were from
healthcare directly, most had practical experience with data quality
in clinical or administrative settings.

About 55% reported being “experienced” or “very experienced”
with the research topic, showing adequate familiarity with the
subject, even among those outside the healthcare domain. This
supports the suitability of using AHP, which relies on structured
expert judgments [12].

Regarding employment sectors, 65% work in the private sector,
mainly in data-related fields. The remaining 35% are distributed
across public, freelance, or other sectors. Understanding the par-
ticipants’ work contexts is relevant, as it can influence how they
perceive and prioritize decision criteria in multicriteria analyses [3].

Most participants (70%) had over 10 years of professional expe-
rience; 25% had 6–10 years, and only one had less than five. This
suggests strong contextual knowledge, which may enhance judg-
ment quality when applying methods like AHP [12].

Data were collected using a structured questionnaire via the
AHP-OS platform [3]. Figure 7 shows participant familiarity with
AHP technique. Eight participants (40%) had basic knowledge; five
(25%) had prior experience using the method; and seven (35%) had
never heard of it. For the nine participants interviewed in person
(45%), an explanation was provided.

Despite varying levels of familiarity, the structured AHP-OS
interface allowed all participants to engage with the method. The
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Figure 8: Experience with Research Topic

technique requires understanding of pairwise comparisons, weight
calculation, and consistency checking [3, 12].

Participants’ experience with the study topic was also assessed.
Figure 8 shows that 40% identified as “experienced,” 15% as “very
experienced,” 25% as having “little experience,” and 20% as hav-
ing none. All participants had knowledge in databases, machine
learning, or health, but not all had direct experience in hospital bed
management. This variety enabled the analysis of AHP’s applica-
bility across different expertise levels and its impact on judgment
consistency.

Experience level is important in AHP-based evaluations, as the
method relies on the decision maker’s ability to interpret and rank
criteria. Prior knowledge enhances result robustness, especially
when dealing with subjective domains like data quality [3, 12].

The results obtained from the prioritization of data quality dimen-
sions using AHP technique demonstrated consistent and structured
findings. To ensure methodological rigor, first it was analyzed the
consistency ratio (CR) of all pairwise comparison matrices. Follow-
ing Saaty’s recommendation [13], responses with CR values above
0.10 were considered inconsistent and excluded.

Data collection was carried out through the AHP-OS tool with
20 professionals from the healthcare and data science sectors. Af-
ter evaluating individual CR values, five responses were excluded.
Among the remaining participants, those with divergent judgments
were contacted to review their comparisons. Four additional re-
sponses were excluded due to continued disagreement with group
consensus.

The final analysis included 11 consistent participants. The aggre-
gated results showed a group consensus index of 75.1% and relative
homogeneity of 86.6%, both classified as high by the AHP-OS plat-
form. The global CR was 0.0010, confirming the internal validity of
the judgments.

Table 3: Global Weights of Data Quality Dimensions

Dimension Weight (%)
Credibility 31.1
Consistency 23.3
Accuracy 20.8
Timeliness 13.7
Completeness 11.2

Figure 9: Group Consensus of Respondents

Figure 10: Graph of Global Priorities Consolidation

Credibility received the highest weight (31.1%), followed by con-
sistency (23.3%) and accuracy (20.8%). These findings reflect the
professionals’ view that trust in data sources and internal coherence
are more critical than data completeness in the ICU bed manage-
ment context. This aligns with previous research [7, 18], which
highlights how unreliable data undermine predictive accuracy and
clinical trust.

Completeness ranked lowest (11.2%), likely due to the under-
standing that useful models can still be developed using incomplete
datasets, provided the available information is accurate and logi-
cally coherent. In hospital systems, prioritizing data veracity and
coherence may be more impactful than ensuring every field is filled.

To support implementation, a technical report was produced,
applying the prioritized dimensions to assess relevant fields in the
hospital bed management database. Below are examples of how
each dimension was operationalized:

Completeness. Critical fields such as bed_number, bed_type,
and sofa_score were reviewed for missing data. Automated vali-
dation was suggested to block incomplete entries.

Consistency. Fields including occupancy_status, transfer_date,
and destination_department were checked for logical conflicts.
Cross-field validations were recommended.
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Credibility. Indicators like ward_occupancy_rate and data_source
were analyzed for anomalies. Alert mechanisms and regular audits
were proposed.

Accuracy.Discrepancies in physical_bed_number, active_bed_number,
and length_of_stay suggested tracking errors. Periodic verifica-
tion was advised.

Timeliness. Fields such as status_update_datetime were as-
sessed for delay. Monitoring and data refresh routines were pro-
posed.

The report provided practical guidance for improving hospital
data quality and for supporting model reliability. By converting
expert judgment into quantifiable priorities, AHP technique helped
align technical requirements with clinical expectations.

These results reinforce that structured prioritization enhances
data governance practices, especially in critical areas like ICU man-
agement. Although credibility and consistency emerged as top
priorities, the multidimensional nature of data quality suggests that
ongoing assessment and adaptation are essential for effective use
in predictive systems.

7 Conclusion, Limitations, and Future Work
This study presented a method for prioritizing data quality dimen-
sions using the ISO/IEC 25012 standard, with partial application of
the Analytic Hierarchy Process (AHP), supported by the AHP-OS
platform. Designed as a sequence of structured steps, the method
was validated through a simulation focused on hospital bed man-
agement.

The approach proved feasible and effective, enabling the identifi-
cation and ranking of the most relevant dimensions for the health-
care context analyzed. By translating expert judgment into quanti-
tative data, AHP technique facilitated prioritization in a traceable,
automated, and replicable way. The AHP-OS tool supported this
process by standardizing inputs and producing consistent outputs.

The main contribution of this work lies in offering a replicable
methodology for dimension prioritization grounded in international
standards and multicriteria decision-making. In addition to its suc-
cessful application in healthcare, the method shows potential for
adaptation to other domains that rely on structured data, such as
logistics, finance, or education. Its reliance on expert input and
flexible structure makes it broadly applicable across sectors.

Scientifically, the method supports operationalizing the ISO/IEC
25012 standard in real-world scenarios, integrating theoretical prin-
ciples with practical prioritization needs. Practically, it provides a
decision-making framework for professionals seeking to improve
the quality of databases used in predictive analytics projects, ensur-
ing that qualification efforts focus on the dimensions that matter
most.

Despite its strengths, the study has limitations. One key limi-
tation is its reliance on expert judgment. As the prioritization is
subjective, the final weights are influenced by the profile and di-
versity of the respondent group. Homogeneous or inexperienced
groups could produce biased results, limiting generalization.

Another constraint is the method’s domain-specific application.
Although it is designed for broader use, this implementation was
limited to hospital bed management. Generalizing to other fields

will require contextual adaptation, including the selection of rele-
vant dimensions and experts.

Additionally, only part of the AHP method was applied—namely,
the comparison of criteria. The analysis did not extend to alterna-
tives or complex decision trees, thus not fully leveraging AHP’s
capabilities. Scalability is also a concern: as the number of dimen-
sions increases, the number of comparisons grows rapidly, increas-
ing the risk of inconsistent judgments and cognitive overload for
participants.

These limitations, while not compromising the study’s validity,
highlight areas for improvement and suggest avenues for future
research. One direction involves applying the method in other
domains, such as logistics or education, assessing adaptability and
effectiveness across different operational realities. In such cases,
the most critical dimensions and expert profiles would need to be
revisited.

Future work could also explore hybrid approaches, combin-
ing AHP with other multicriteria techniques such as TOPSIS, to
strengthen decision-making in uncertain or multi-alternative sce-
narios. This integration could enhance robustness and applicability,
especially in complex environments.

Expanding the sample size and diversity of expert participants
is another recommended avenue. Comparative studies involving
professionals from clinical, managerial, and technical backgrounds
could offer insights into how perspective influences prioritization
outcomes.

Finally, incorporating objective metrics and quantitative vali-
dation of the prioritized dimensions could further strengthen the
model. By linking data quality indicators to predictive performance,
future research may quantify the impact of each dimension on
decision-making, enhancing both methodological rigor and practi-
cal relevance.
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