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Abstract

Background: Integrated health data is foundational for secondary use, research, and policy making. However, data quality issues
– such as missing values and inconsistencies – are common due to the heterogeneity of health data sources. Existing frameworks
often apply static, one-time assessments, limiting their ability to address quality problems across evolving data pipelines.

Objective: This study evaluates the AIDAVA data quality framework, which introduces dynamic, lifecycle-based validation of
health data using knowledge graph technologies and SHACL-based rules. The framework is assessed for its ability to detect and
manage data quality issues – specifically, completeness and consistency – during integration.

Methods: Using the MIMIC-III dataset, we simulated real-world data quality challenges by introducing structured noise,
including missing values and logical inconsistencies. The data was transformed into Source Knowledge Graphs (SKGs) and
integrated into a unified Personal Health Knowledge Graph (PHKG). SHACL validation rules were applied iteratively during the
integration process, and data quality was assessed under varying noise levels and integration orders.

Results: The AIDAVA framework effectively detected completeness and consistency issues across all scenarios. Completeness
was shown to influence the interpretability of consistency scores, and domain-specific attributes (e.g., diagnoses, procedures)
were more sensitive to integration order and data gaps.

Conclusions: AIDAVA supports dynamic, rule-based validation throughout the data lifecycle. By addressing both dimension-
specific vulnerabilities and cross-dimensional effects, it lays the groundwork for scalable, high-quality health data integration.
Future work should explore deployment in live clinical settings and expand to additional quality dimensions.
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Assessing  Data  Quality  in  Heterogeneous  Healthcare  Integration:  The
AIDAVA Framework

Abstract

Background:  Integrated  health  data  is  foundational  for  secondary  use,  research,  and  policy

making. However, data quality issues – such as missing values and inconsistencies – are common

due to the heterogeneity of health data sources. Existing frameworks often apply static, one-time

assessments, limiting their ability to address quality problems across evolving data pipelines.

Objective:  This study evaluates the AIDAVA data quality framework, which introduces dynamic,

lifecycle-based validation of health data using knowledge graph technologies and SHACL-based

rules.  The  framework  is  assessed  for  its  ability  to  detect  and  manage  data  quality  issues  –

specifically, completeness and consistency – during integration. 

Methods: Using  the  MIMIC-III  dataset,  we  simulated  real-world  data  quality  challenges  by

introducing structured noise, including missing values and logical inconsistencies. The data was

transformed into Source Knowledge Graphs (SKGs) and integrated into a unified Personal Health

Knowledge Graph (PHKG). SHACL validation rules were applied iteratively during the integration

process, and data quality was assessed under varying noise levels and integration orders. 

Results: The AIDAVA framework effectively detected completeness and consistency issues across

all scenarios. Completeness was shown to influence the interpretability of consistency scores, and

domain-specific attributes (e.g., diagnoses, procedures) were more sensitive to integration order

and data gaps. 

Conclusion: AIDAVA supports dynamic,  rule-based validation throughout the data lifecycle.  By

addressing  both  dimension-specific  vulnerabilities  and  cross-dimensional  effects,  it  lays  the

groundwork  for  scalable,  high-quality  health  data  integration.  Future  work  should  explore

deployment in live clinical settings and expand to additional quality dimensions. 

Introduction

The integration of high-quality, complete, and interoperable patient health records is essential to

modern  healthcare  and  medical  research  [1-3].  Accurate  and  well-structured  data  enhances
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research  reproducibility  [4-6],  which  in  turn  drives  more  effective  clinical  decision-making  and

improved patient outcomes. However, as health data is collected across diverse and heterogeneous

sources [7, 8], its quality can be compromised by fragmentation [7, 9, 10], variability [9, 11, 12], and

incomplete  information  [13-15].  These  challenges  compromise  data  usability  and  hinder  the

development of unified, clinically meaningful datasets suitable for both primary and secondary uses

[14, 16, 17].

Existing efforts on health data quality often focus on defining standardized quality dimensions and

organizing these into structured frameworks  [18-22]. However, many current approaches rely on

static, one-time evaluations that do not reflect the dynamic and iterative nature of the entire data

lifecycle  [23, 24]. This limits their effectiveness in identifying evolving quality issues that emerge

across stages of data transformation - such as extraction [25, 26], harmonization [27, 28], or final

validation [20] – as they do not provide continuous, iterative assessment.  

To  address  this  gap,  the  AIDAVA  project  [29],  launched  in  2022  as  part  of  a  Horizon  Europe

initiative,  proposes  a  dynamic  data  quality  framework  that  enables  continuous  assessment

throughout the data lifecycle. At its core is the Personal Health Knowledge Graph (PHKG), a patient-

centered, interoperable data model built using Knowledge Graph technologies and validated with

SHACL-based rules.  This  approach  allows  for  the  assessment  of  data  quality  constraints  across

multiple integration stages. 

This paper evaluates the AIDAVA framework’s effectiveness in detecting and improving data quality

issues,  with a  particular  focus  on completeness  and consistency.  It  also investigates  how these

dimensions evolve across the data transformation pipeline, highlighting their interdependencies and

implications for integrated health data. 

Related work
Ensuring the quality of integrated healthcare data, particularly for the secondary use of electronic

health records (EHRs), has been the subject of extensive research [30]. Prior efforts generally focus

on  defining  and  measuring  data  quality  along  dimensions  such  as  completeness,  consistency,

conformance, and plausibility [19-23, 31, 32]. These dimensions serve as the foundation for several
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frameworks and tools developed to detect anomalies and enforce standards across clinical datasets

[14, 20, 21, 31].

Framework-based approaches have sought to structure and formalize the assessment of health data

quality.  Notably,  Kahn  et  al.  [20] introduced  a  widely  adopted  framework  that  groups  quality

concerns  into  three  core  dimensions  –  completeness,  conformance,  and  plausibility  –  further

divided into verification and validation contexts. This framework laid the groundwork for systematic

quality checks but remains limited to static evaluations that do not adapt to the changing nature of

data pipelines. 

Dimension-specific  studies  have  also  provided  deeper  insights.  Issa  et  al.  [33] conducted  a

comprehensive review of completeness in knowledge graphs, identifying seven distinct subtypes,

including  three  previously  unclassified forms.  Their  findings  emphasized  the  interplay  between

completeness  and  other  quality  dimensions  such  as  consistency  and  correctness  –  further

highlighting the need for more context-aware, dynamic quality assessments.

Tool-based solutions, such as ACHILLES Heel  [34], offer practical mechanisms for identifying data

quality issues. As part of the OHDSI ecosystem, ACHILLES Heel applies 70 pre-defined validation

rules  to  detect  anomalies  in  large-scale  clinical  datasets.  While  effective  in  identifying  static

inconsistencies,  these tools  typically  evaluate data quality  at  a  single point  in time and cannot

accommodate the iterative transformations that occur during integration workflows. 

In contrast to these prior approaches, the AIDAVA framework introduces a lifecycle-based, dynamic

model  of  data  quality  validation.  By  embedding  SHACL-based  validation  rules  directly  into  a

knowledge  graph  pipeline,  AIDAVA  allows  for  continuous  monitoring  and  enforcement  of

constraints during data ingestion, transformation, and integration. It extends existing methodologies

by  addressing  data  quality  not  as  a  one-time task,  but  as  an  ongoing  process  –  ensuring  that

completeness and consistency are maintained across evolving data structures.
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The AIDAVA Data Quality Framework

The AIDAVA data quality framework is designed to ensure semantic and structural standardisation

across the entire health data lifecycle, addressing the complexities of integrating heterogeneous

health data sources. The framework operates across four levels, each targeting specific points in the

health data integration process. These four levels of the framework are illustrated in Figure 1. 

Level 1: Raw data collection

At the initial  level,  the framework relies on data providers to provide data that meets baseline

standards. Given the variability of data sources, direct transformations or validations at this stage

are limited. Instead, the framework ensures compliance with transfer specifications, verifying that

incoming data adheres to structural and format requirements before progressing to the next level.

Level 2: Transformation into Source Knowledge Graphs (SKG)

In this stage,  raw data is transformed into Source Knowledge Graphs (SKG) by executing a data

curation  tool  from  the  library  of  tools  available  in  AIDAVA and  delivering  a  data  sources  in  a

knowledge  graph  format  aligned  with  the  AIDAVA  Reference  Ontology.  This  process  ensures

semantic and structural standardisation of each data source, which is critical for interoperability.

Standardizing the data at this level minimizes inconsistencies and enables proper integration with
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multiple sources.

Level 3: Integration into the Personal Health Knowledge Graph (PHKG)

In this phase, multiple SKGs are integrated into a unified Personal Health Knowledge Graph (PHKG),

creating  a  longitudinal  representation  of  an  individual’s  health  history.  This  step  consolidates

fragmented  patient  data  sources  while  maintaining  consistency  and  logical  coherence  in  the

integrated  patient  record.  The  integration  process  ensures  that  patient  data  is  well-structured,

complete, and free of inconsistent and redundant information to support clinical decision-making

and research applications.

Level 4: Transformation for secondary use

In the final stage, the PHKG is transformed into formats tailored for secondary use. This step adapts

integrated data to align with specific output formats enabling accurate analysis (e.g., Breast Cancer

registry in OMOP compliant format), improved patient care (e.g., patient IPS in FHIR format), and

effective reuse across clinical and research settings. 

This  study  focuses  on  Levels  2  and 3,  as  they  are  the earliest  feasible  and scalable  stages  for

enforcing  semantic  standardisation  and  integrating  fragmented,  heterogeneous  data  sources.

Performing this  at  Level  1 is  not practical  due to diverse formats and limited control  over data

provider systems. Level 4 is only partially addressed, as downstream transformation is performed,

but full data quality assessment from the perspective of a specific use case lies outside the scope of

this paper. 

 

Data quality dimensions and categories
To evaluate data quality, the AIDAVA framework adopts a structured approach based on dimensions

and  categories.  Dimensions  provide  a  high-level  perspective  on  data  quality,  grouping  related

categories to help identify systemic issues.  Recent  research underscores the increasing need to

evaluate diverse data quality dimensions, especially when repurposing health data for secondary

use  [18]. While multiple dimensions contribute to ensuring high-quality health data, the AIDAVA

framework  currently  focuses  on  two  data  quality  dimensions:  completeness  and  consistency.

https://preprints.jmir.org/preprint/75275 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Declerck et al

Completeness ensures that all necessary data elements are present, preventing critical information

gaps. Consistency verifies that data adheres to defined constraints and logical relationships, such as

ensuring that diagnoses and procedures align with a patient’s demographic details. Within these

dimensions, categories provide a more granular level of assessment, as outlined in Table 1.

Dimension Category Description
Completeness Essential variable completeness Identifies when critical data elements are missing

Conditional variable completeness Detects  cases  where  missing  variables  prevent  consistency

checks.
Consistency Data type for property Ensures values conform to expected data types.

Time sequence consistency Identifies implausible event sequences.
Diagnosis for gender consistency Detects diagnoses incompatible with a patient’s gender.
Diagnosis for age consistency Flags diagnoses that are incompatible with a patient’s age.
Procedure for gender consistency Detects gender-incompatible procedures.
Procedure for age consistency Flags procedures that are inappropriate for the patient’s age.

Table 1: Overview of data quality dimensions and categories in the AIDAVA framework

The decision to focus on completeness and consistency is driven by their widespread use in data

quality  research  (REF)  and  their  suitability  for  automated  assessment  (REF).  Unlike  other

dimensions, which often require subjective interpretation or manual validation, completeness and

consistency  can  be  systematically  measured  using  predefined  rules  and  automated  validation

techniques.  By  prioritizing  completeness  and  consistency,  the  AIDAVA  framework  establishes  a

scalable  approach  to  data  quality  assessment.  These  dimensions  not  only  support  automated

validation but also provide a foundation for expanding the framework to address more complex

data quality dimensions.

Data quality instruments
The  AIDAVA  framework  relies  on  a  robust  instrument  for  scalable  and automated data  quality

assessment:  the  Shapes  Constraint  Language  (SHACL).  As  a  W3C  standard,  SHACL  defines  and

enforces  semantic  and  structural  constraints  on  RDF  knowledge  graphs,  enabling  rule-based

validation to detect inconsistencies, missing elements, and structural misalignments. 

Within the AIDAVA framework, SHACL validation rules are categorized into two types, as outlined in

Table 2: ontology-based and domain-specific rules. Each category includes several validation rules,

technically known as SHACL shapes – a SHACL term referring to rule templates that define how data

should conform to expected structures or values. The number of rules differs between categories
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due to the nature of the information being encoded. For instance, completeness checks such as

‘Essential  variable’  rely  on the fully  connected structure  of  the  Admission node to  validate the

presence of key attributes (e.g., admission date, discharge status) across sources. In contrast, rules

like ‘Diagnosis for gender’ require a distinct SHACL shape for each valid gender related pairing (e.g.,

“prostate cancer – male”, “ovarian cancer – female”),  increasing the number of shapes. Table 2

shows the number of SHACL shapes associated with each rule category, reflecting the complexity

and granularity of the validations. 

To enable meaningful evaluation of data quality across different rule categories, we use normalized

data quality scores rather than raw violation counts. This is necessary because the number of rules

(SHACL shapes) and corresponding checked nodes varies significantly by category (see Table 2).

Violation  counts  alone  would  disproportionately  reflect  rule  volume  rather  than  actual  quality

trends. We calculate a category-specific quality score using the formula: 

Quality score=1−e

Where e represents the error rate, calculated as the violation count divided by the total number of

checked nodes. This provides a relative measure of how well the data conforms to the specified

rules within each category. 

Type Category SHACL Shape Count
Ontology based checks Essential variable completeness 14

Conditional variable completeness 1
Data type for property 6

Medical and common-sense checks Time sequence consistency 6
Diagnosis for gender consistency 5208
Diagnosis for age consistency 130
Procedure for gender consistency 640
Procedure for age consistency 79

Table 2: Categories and counts of SHACL validation rules in the AIDAVA framework

Ontology-based rules in the AIDAVA framework are derived from the AIDAVA reference ontology

[35],  which  builds  on  established  standards  like  HL7  FHIR,  SNOMED,  and  LOINC  to  ensure

interoperability and support automated curation. These rules ensure conformance with predefined

semantic standards,  such as verifying data types,  relationships,  and the presence of  mandatory

variables. Domain-specific rules are informed by healthcare-specific knowledge. These rules address
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real-world  data  quality  challenges,  including  validating  gender-appropriate  procedures,  and

ensuring consistency in clinical  attributes.  The definition and validation of  domain-specific rules

require expert  consensus.  However,  data quality  research has established a variety  of  validated

domain-specific rules over time  [36]. The AIDAVA framework leverages these existing, literature-

validated  rules,  allowing  it  to  build  upon  proven  methodologies  while  avoiding  redundancy,

ensuring alignment with best practices in health data quality management.

These  SHACL  shapes  are  applied  within  SKGs  (intra  source  consistency  and completeness)  and

PHKGs  (across  data  source  consistency  and  completeness),  ensuring  semantic  and  structural

standardisation at each stage. Figure 2 illustrates this validation process, applied at both the SHKG

and PHKG levels. 

Figure 2: SHACL-based data quality check pipeline

The SHACL engine processes health data represented as an RDF graph – a structured format used to

build Knowledge Graphs (KGs) – by applying predefined constraints (SCHACL shapes). These rules

define  the  expected  structure  and  content  of  the  data,  including  semantic  relationships  and

required elements. As the engine executes these rules, it produces a SHACL validation report that

highlights  data  quality  violations,  such  as  missing  values,  incorrect  data  types,  or  inconsistent

relationships. This validation step is critical  for identifying and addressing quality issues prior to

integration into the PHKG. 

https://preprints.jmir.org/preprint/75275 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Declerck et al

https://preprints.jmir.org/preprint/75275 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Declerck et al

Method
To evaluate the robustness and effectiveness of the AIDAVA framework in detecting and managing

data quality issues, we conducted a controlled experiment using the MIMIC-III dataset, a publicly

available and well-structured critical care database. While MIMIC-III offers a rich and diverse set of

clinical variables, it does not contain the types of data quality issues typically encountered in real-

world  health  information  systems.  As  such,  this  study  introduced  artificial  noise  to  simulate

common  completeness  and  consistency  problems  found  in  heterogeneous  clinical  data.  This

approach allows us to systematically assess how well the AIDAVA framework, particularly its SHACL-

based validation rules, can identify quality issues under different conditions and at multiple stages

of data integration. The following subsections describe the dataset, noise injection methodology,

and the process of knowledge graph construction and validation. 

Data source and data preparation
We used the MIMIC-III dataset due to its structured format and breath of clinical variables, offering

an optimal  foundation for  simulating real-world  integration scenarios.  The dataset  includes  de-

identified health records from over 58,000 admissions. For this study, hospital admissions lacking

relevant diagnosis or procedure codes (as required for SHACL validation) were excluded, resulting in

a  final  cohort  of  13,607  admissions.  Four  tables  were  used:  PATIENTS,  ADMISSIONS,

DIAGNOSES_ICD and CPTEVENTS.

Data cleaning was performed using OpenRefine  [37],  with date fields standardized to ISO 8601

format (YYYY-MM-DDThh:mm:ss+zz:zz) and gender values mapped to SNOMED CT codes to support

interoperability and non-binary.  Classifications.  These steps ensured alignment with the AIDAVA

reference ontology and interoperability across sources. 

Adding noise to the dataset
To simulate real-world data quality challenges  [14, 38-40], artificial noise was introduced into the

dataset based on two parameters: noise level and completeness ratio. Noise Level (∈ [0, 1]) defines

the proportion of knowledge graph statements impacted by errors. The completeness ratio specifies

the share of this noise that results in missing values (as opposed to logically inconsistent entries).

For example, a noise level  of 0.50 and completeness ratio of 0.25 implies that 50% of selected

statements are altered, with 25% of them made incomplete and the remainder made inconsistent.
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Noise was introduced across two categories: consistency noise reflecting logical contradictions and

completeness noise simulating missing information. All injections were performed in a reproducible

manner using a fixed randomization seed. 

Consistency Noise

We targeted error types that frequently occur in clinical data entry or integration processes [14, 39-

41]. These methods included:

1. Gender swapping  : Male and female values in the PATIENTS table were randomly exchanged.

This modification introduced inconsistencies in gender-specific diagnoses and procedures,

affecting validation rules such as diagnosis for gender consistency and procedure for gender

consistency.  Gender values are sampled from a binomial  distribution with n=2 trials  and

success probability, p=0.5, ensuring a balanced distribution of changes. 

2. Age alteration  : Instead of randomly changing a patient’s age, we introduced interval-based

errors  by  defining  plausible  age  groups.  These  age  groups  were  determined  based  on

clustering  patterns  observed  in  diagnosis  for  age  consistency  and  procedure  for  age

consistency rules (Figure 3). In this implementation, age groups were defined as [0,1] for

infants, [1,12] for children, [12,56] for teens/adults, and [56,124] for seniors. Birth years in

the PATIENTS table were altered so that a new age was randomly selected from another age

group,  triggering  violations  in  age-dependent  diagnosis  and  procedure  rules.  To  ensure

realistic distribution, the selection of a new age group was sampled using a multinomial

distribution  with  n=4  trials,  where  the  event  probabilities  were  weighted based  on  the

frequency of each age group in the dataset. 

3. Swapping admission and discharge dates  : In the ADMISSIONS table, admission and discharge

dates were swapped. This modification primarily disrupted time-sequence validation rules

and triggered errors in age calculations that depended on the admission date. 

4. Day-month  swapping  in  dates  :  Day  and  month  values  in  date  fields  across  PATIENTS,

ADMISSIONS,  and  CPTEVENTS  were  randomly  swapped,  leading  to  invalid  date  formats

where month values exceeded 12, or sequences where the chronological order of events

became disrupted. These errors mirrored common data entry mistakes in hospital settings,

where clinicians or administrative staff may mistakenly invert date components.

https://preprints.jmir.org/preprint/75275 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Declerck et al

5. Inconsistencies in medical coding  : We randomly changed diagnosis and procedure codes in

the DIAGNOSES_ICD and CPTEVENTS tables. ICD-9 diagnosis codes and CPT procedure codes

were replaced with alternative codes randomly drawn from their respective rulesets. This

change  indirectly  caused  invalid  gender  and  age  violations  in  both  diagnoses  and

procedures,  since  certain  codes  are  only  applicable  to  specific  demographic  groups.  To

implement  this,  each  affected  record  had  its  original  code  excluded  and  replaced  with

another  randomly  sampled  value  from  the  remaining  choices,  ensuring  a  uniform

distribution of errors across the dataset. 

Completeness Noise

Missing data, based on real-world completeness issues, was introduced to replicate the effects of

incomplete records on validation outcomes [14, 39-41]. The affected tables and fields were:

1. Patient demographic records  : Missing values were introduced by randomly removing gender

(GENDER) or date of birth (DOB) fields in the PATIENTS table with equal probabilities of

being  chosen.  This  noise  is  intended  to  represent  missing  or  de-identified  patient

information.

2. Hospital  admission  records  :  Missing  values  were  introduced  by  deleting  admission  or

discharge timestamps (ADMITTIME, DISCHTIME) as well as admission or discharge locations

(ADMISSION_LOCATION,  DISCHARGE_LOCATION)  from  the  ADMISSIONS  table.  As  with

demographic records, the field to be deleted is chosen with equal percentages of 25%. The

selection  of  omitted  records  was  performed  randomly  yet  consistently  across  the

experiment, preserving the dataset’s structural integrity while reflecting real-world gaps in

clinical administrative case documentation.
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3. Procedure  records  :  Missing  values  were  introduced  by  removing  procedure  chart  dates

(CHARTDATE) or procedural codes (CPT_CD) in the CPTEVENTS table. Same with the others,

equal probabilities of 0.5 decided which cell type should be deleted.  The omission process

was randomized across the experiment, replicating common record-keeping errors that lead

to incomplete procedural documentation.

4. Diagnosis  records  :  Missing  values  were  introduced  by  deleting  ICD-9  diagnosis  codes

(ICD9_CODE) from the DIAGNOSES_ICD table. As there is only one column type able to be

deleted, it is chosen with the probability of 1, dissimilar to other categories of introducing

completeness noise. This modification simulates errors observed by not typing ICD codes for

billing purposes.

While  these  noise  injection  scenarios  may  overlap  in  their  effects,  the  incompleteness  was

introduced independently at this stage. The combined effects of the above, as it relates to triage

and patient data acquisition progressions, are further elaborated and investigated in the following

section. To account for the randomness in choosing the cell types to be deleted, this process was

carried out in a reproducible manner using a fixed randomisation seed.

Data integration and data quality assessment
After noise injection, the dataset was mapped into SKGs using RDFCraft [42], aligning data elements

to the AIDAVA reference ontology. These SKGs were then integrated into a unified PHKG, following a

typical data ingestion workflow. Beginning with demographic information from the PATIENTS table,

which  provided  key  patient  attributes.  Next,  temporal  data  from  the  ADMISSIONS  table  was

incorporated, establishing admission and discharge events. This was followed by procedural details

from the CPTEVENTS table, and finally, diagnostic information from the DIAGNOSES_ICD table. This

stepwise  integration reflects  a  typical  hospital  workflow,  where patient  registration occurs  first,

followed by admissions, treatments, and recorded diagnoses. At each step, SHACL validation rules

were applied to assess data quality in terms of completeness and consistency. This staged validation

aligns with levels 2 and 3 of the AIDAVA framework and reflects both intra-source and cross-source

quality checks. 

To evaluate the effect of the order of data addition on data quality, alternative sequences were also

tested  by  changing  the  ingestion  order  (e.g.,  loading  procedures  or  diagnoses  before
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demographics). This allows us to observe how quality issues propagate or get masked depending on

integration order. 

Results

The integration process followed a sequential order, beginning with the PATIENTS table, followed by

ADMISSIONS, CPTEVENTS, and DIAGNOSES_ICD tables. The framework assessed completeness and

consistency at each stage, tracking how data quality changed throughout the process. To evaluate

the robustness of the framework, we also conducted an alternative integration sequence, starting

with CPTEVENTS, followed by DIAGNOSES_ICD, ADMISSIONS, and finally PATIENTS.

In  the  following  section,  we  first  present  the  baseline  data  quality  assessment  without  noise,

establishing a reference for comparison. We then provide the final data quality scores after full

integration across varying noise levels for both integration orders, highlighting key trends. A detailed

breakdown of progressive changes at specific noise levels is available in the appendix.

Data quality assessment without noise
The baseline analysis, presented in Table 3, was conducted without artificial noise to establish a

reference for data quality. Results showed that the majority of dimensions and categories achieved

nearly perfect quality scores, indicating that the integration process preserved data integrity and did

not  amplify  errors.  ‘Essential  variable’  completeness  remained  at  100%,  confirming  that  all

mandatory data elements were present in the knowledge graph. The domain consistency checks for

diagnosis and gender as well as diagnosis and age yielded perfect quality scores. Similarly, data type

adherence at all integration stages is achieved with no errors.

Dimension Category PATIENTS ADMISSIONS CPTEVENTS DIAGNOSES_IC

D
Completeness Essential variable 100% 100% 100% 100%

Conditional variable NA NA NA 100%
Consistency Time sequence 100% 99.90% 99.90% 99.90%

Diagnosis for gender 100% 100% 100% 100%
Procedure for gender 100% 100% 100% 100%
Diagnosis for age 100% 100% 100% 100%
Procedure for age 100% 100% 99.89% 99.89%
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Data type for property 100% 100% 100% 100%
Table 3: Baseline data quality analysis results

Although overall  data quality  is  high,  minor  discrepancies were observed in specific categories.

‘Conditional  variable’  completeness  category  assesses  whether  all  necessary  concepts  from

different  sources  are  properly  integrated and complete.  Since SHACL rules  evaluate  conditional

variables across every table, an incomplete graph would return 0% quality score until the last stage

of  integration.  To  reflect  this  dependency,  the  ‘Conditional  variable’  completeness  scores  for

PATIENTS, ADMISSIONS, AND CPTEVENTS were marked as “NA” since these values would not be

meaningful to assess. Only at the DIAGNOSES_ICD stage could this category be properly evaluated

where all variable nodes will be reachable.

The procedure for gender and age categories received near-perfect scores of 99.99% and 99.89%,

respectively. These errors were not due to integration issues, but rather pre-existing errors in the

MIMIC-III dataset. The errors in the ‘procedure for age’ category originated from the dataset’s de-

identification  process,  which  assigned  a  few  birth  dates  to  years  in  the  1800s,  resulting  in

implausible patient ages exceeding 300 years - a violation of age-related consistency rules. Similarly,

errors in the ‘procedure for  gender’ category were traced to a data entry mistake in MIMIC-III,

where  a  Laparoscopic  procedure  on  the  Oviduct/Ovary  (CPT  58660)  was  attributed  to  a  male

patient.  Additionally,  time sequence  consistency  scored 99.90%,  with  errors  primarily  linked to

discharge times recorded earlier than admission times. This discrepancy is a known artifact of the

MIMIC-III data collection process, likely caused by inconsistent timestamp recording practices [42].

Data quality assessment with noise
Overall trends across all noise levels
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To simulate  real-world  data  quality  challenges,  we introduced artificial  noise  and repeated the

integration process under two different orders. Figure 5 presents the final data quality scores after

full integration for both orders. The results confirm that data quality scores remained consistent

regardless of integration sequence, indicating that the order of data source integration does not

alter overall  data quality scores. While intermediate values may vary slightly, the progression of

completeness and consistency follows the same overall patterns. 

‘Essential  variable’  completeness  declined  gradually  from  100%  to  71%,  with  the  largest  drop

occurring between 100_0 (100%) and 100_25 (93.65%),  continuing to decrease at  higher noise

levels.  ‘Conditional  variable’  completeness  dropped  sharply  from  100%  to  11.17%  at  100_25,

reaching  near  zero  at  higher  noise  levels,  reflecting  its  strong  dependence  on  cross-source

relationships.

Time sequence and data type consistency improved throughout the integration, rising from 93.57%

and 92.51% at 100_0 to 100% at 100_100. Procedure consistency for gender and age increased,

starting  at  46.43%  and  53.86%,  respectively,  and  reaching  99.01%  and  99.68%  at  100_100.

Diagnosis  consistency for  gender  and age followed a  different  pattern,  increasing steadily  from

40.98% and 50.91% at 100_0 to 58.94% and 66.82% at 100_75, but both became unmeasurable at

100_100. 
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Detailed analysis at 100% consistency and 50% completeness noise (100_50)

To gain deeper insights into how data quality changes during data integration under specific noise

levels, this section provides a detailed analysis of the 100_50 noise level. Figure 5 presents the data

quality scores at each step of the integration process, illustrating how completeness and consistency

evolve as new data sources are incorporated. 

At this  noise level,  where consistency noise is  set to 100% and completeness noise to 50%, all

relevant knowledge graph statements (100%) are modified, with 50% of them containing missing

data.  The introduction of ADMISSIONS caused time sequence consistency to decrease slightly to

98.64%. With CPTEVENTS added, this metric dropped to 96.94%, where it remained stable after

DIAGNOSES_ICD.  Procedure  consistency  for  gender  declined  to  59.14%,  while  procedure

consistency for age dropped to 63.63%. 

As  expected,  missing  data  impacted  completeness  measures.  ‘Essential  variable’  completeness

declined sharply, reaching 85% after DIAGNOSES_ICD. ‘Conditional variable’ completeness remained

“NA”  for  PATIENTS,  ADMISSIONS,  and  CPTEVENTS.  Once  DIAGNOSES_ICD  was  incorporated,
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‘Conditional variable’ completeness increased slightly to 1.45%, reflecting a minimal recovery of

required data. 

An analysis of data quality trends across other noise levels is provided in the appendix, detailing

variations in completeness and consistency scores under different conditions. 
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Discussion
Our  findings  demonstrate  consistent  patterns  in  data  quality  dynamics  across  all  noise  levels,

characterized  by  a  progressive  degradation  in  consistency  scores  and  a  steady  decline  in

completeness  as  noise  levels  increase.  The  category  of  ‘Essential  variable’  completeness

deteriorates  gradually  as  noise  accumulates,  while  ‘Conditional  variable’  completeness  declines

more  sharply  due  to  its  dependence  on  relationships  across  data  sources.  Meanwhile,  ‘Time

sequence’ and ‘Data type consistency’ remain relatively stable, whereas procedure and diagnosis

consistency degrade significantly based on integration order, underscoring the importance of cross-

source attribute alignment. 

These  trends  confirm the  adaptability  of  the  AIDAVA data  quality  framework,  which  maintains

stability in core structural  checks (e.g.,  time and data type validation) even as data volume and

disorder increase. However, the results also revealed that procedure and diagnosis consistency were

more sensitive to integration order, emphasizing the need for targeted, domain-specific validation

strategies during data merging.

To more explicitly frame these insights, the AIDAVA framework not only detects data quality issues

with  high  granularity  but  also  enables  their  continuous  assessment  throughout  the  integration

pipeline. By embedding SHACL-based rules directly into the SKG and PHKG construction process,

AIDAVA captures completeness and consistency violations both within and across data sources. This

staged,  rule-based  validation  empowers  the  framework  to  not  only  detect  anomalies  but  also

manage the by pinpointing their origin and timing – enabling early intervention and downstream

reliability. 

Completeness and conditional dependencies in data integration

When examining the completeness dimension, the results reveal distinct patterns of degradation

across our two categories: ‘Essential variable’ and ‘Conditional variable’ completeness. As expected,

both categories are increasingly affected as the completeness ratio level rises. However, their rates

of decline differ, highlighting important nuances in their behaviour during the integration process.

‘Essential  variable’  completeness  steadily  declines,  suggesting  that  core  patient  attributes  are

progressively impacted by noise – particularly those embedded in the PATIENTS table. In contrast,

https://preprints.jmir.org/preprint/75275 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Declerck et al

‘Conditional variable’ completeness cannot be meaningfully assessed until the final integration step,

as it depends on the availability of interconnected variables across all datasets. This explains why

intermediate  scores  are  marked  as  “NA”  and  only  become  valuable  after  the  final  source

(DIAGNOSES_ICD) is added. 

These  findings  emphasis  that  ‘Conditional  variable’  completeness  is  inherently  linked  to  the

integration process itself rather than noise alone. Unlike ‘Essential variable’ completeness, which is

primarily affected by missing value within a single dataset, ‘Conditional variable’ completeness is

more directly influenced by the presence or absence of cross-source relationships. As a result, its

behavior differs from other completeness measures, demonstrating that missing values alone do

not dictate ‘Conditional variable’ completeness trends - rather, it is the sequence and completeness

of integrated sources that determine its final value.

Consistency challenges in stepwise data integration

The consistency results reveal that step-by-step integration of data sources introduces challenges

related to compliance with data type and time sequence consistency. However, these declines are

relatively  minor,  suggesting  that  the  overall  format  of  the  ontology  remains  stable  and  that

temporal relationships are preserved throughout the integration process. Notable, time sequence

consistency  exhibits  only  minor  fluctuations,  reinforcing  its  resilience  to  integration  steps.  In

contrast,  the categories related to procedure consistency and diagnosis  consistency show more

pronounced declines, highlighting the critical role of integration order in determining data quality

outcomes. The results indicate that integrating the CPTEVENTS table first has a substantial impact

on  procedure  consistency,  causing  notable  drops  in  gender  and  age  consistency.  Similarly,  the

integration  of  DIAGNOSES_ICD  exacerbates  diagnosis-related  inconsistencies,  suggesting  that

diagnostic data is particularly vulnerable to integration-induced errors. This trend highlights that

procedure and diagnosis consistency are more reliant on cross-source relationships and attribute

alignment than other categories, such as data type and time sequence consistency. 

The findings suggest that a case-specific data quality strategy is essential when integrating different

types of health data. This underscores the need for tailored validation approaches that consider the

vulnerabilities of various clinical data types during integration. This need for targeted strategies is
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evident both within and across data quality dimensions. For instance, within consistency, procedure

and  diagnosis  categories  exhibit  greater  instability,  highlighting  that  medical  domain-specific

content is more sensitive to inconsistencies than general data attributes like timestamps or data

types. 

Interdependencies between data quality dimensions

Beyond individual dimensions, these findings offer an in-depth perspective on the interrelationships

between data quality dimensions, reinforcing the complex and dynamic nature of data quality in

health data integration. While previous research has suggested that data quality dimensions are

interrelated  (REF),  our  results  offer  a  unique  demonstration  of  how  these  interdependencies

manifest  in  real-world  integration  scenarios.  A  key  finding  from  the  results  is  that  consistency

measures alone cannot be fully trusted without ensuring adequate completeness. The results reveal

that missing data directly impacts the interpretability of consistency scores, making it difficult to

determine whether the observed consistency is genuine or merely an artifact of incomplete data.

When key information is missing, certain contradictions - such as conflicts between diagnoses and

procedures - may go undetected, creating a false impression of data reliability. 

These insights highlight the critical need for health data integration strategies that not only address

individual data quality dimensions but also account for their interdependencies. Overlooking these

relationships can lead to misleading assessments, where high consistency scores mask underlying

data gaps, or missing values distort the true extent of consistencies. To ensure reliable data quality

assessment,  integration  of  data  must  prioritise  completeness  validation  before  consistency

assessment, ensuring that inconsistencies are accurately detected rather than artificially hidden. By

adopting  an  approach  that  considers  both  dimension-specific  vulnerabilities  and  their  cross-

dimensional effects, we can enhance the integrity of downstream analyses, clinical decision-making,

and secondary research applications - ultimately improving the reliability of integrated health data. 
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Limitations
Several limitations must be acknowledged to contextualize the findings and guide future research

directions.  First,  this  study  was  conducted  using  the  MIMIC-III  dataset,  a  structured  and  de-

identified critical care database. While this dataset provides a controlled environment for testing

data integration, it does not fully capture the heterogeneity and complexity of live healthcare data

environments. Real-world healthcare systems exhibit variations in data collection methods, coding

practices,  and  patient  populations,  which  may  introduce  additional  challenges  that  were  not

observed in this controlled setting. Future research should evaluate the framework on diverse, non-

deidentified hospital datasets that better reflect real-world conditions. Second, this study simulated

real-world data quality issues by introducing structured artificial noise, allowing for a systematic

evaluation of the framework under different levels of data inconsistencies. However, artificial noise

does  not  fully  replicate  the  unpredictability  of  errors  found  in  operational  health  data.  Health

datasets  often  contain  context-dependent  inconsistencies,  undocumented  missingness  patterns,

and human-introduced biases that cannot be easily simulated. Future research should explore how

the  framework  performs  when  applied  in  a  real-world  scenario.  Third,  the  AIDAVA framework

evaluated  consistency  and  completeness  as  the  core  data  quality  dimensions.  However,  other

important dimensions, such as timeliness and uniqueness, were not explicitly assessed in this study.

Future work should extend the framework to incorporate a broader range of quality dimensions,

ensuring a more complete evaluation of integrated health data. Last, this study demonstrated the

effectiveness of the AIDAVA framework in a controlled dataset, its scalability for large-scale, high-

velocity health data integration was not examined in depth. Future research should investigate the

framework’s performance in large-scale deployments.

Addressing these limitations will be essential to ensure the framework’s adaptability, scalability, and

utility  across  diverse  healthcare  applications.  Future  research  should  extend  the  evaluation  to

include  live  hospital  datasets,  explore  additional  stages  of  the  data  lifecycle,  and  assess  the

framework’s efficiency at scale. By overcoming these challenges, the AIDAVA framework can further

contribute  to  improving  data  quality  and  advancing  the  integration  of  heterogeneous  health

datasets.
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Conclusion
This  study  evaluated  the  AIDAVA data  quality  framework  for  its  effectiveness  in  detecting  and

managing data quality issues – specifically completeness and consistency – during the integration of

heterogeneous health  data.  Using the MIMIC-III  dataset,  we simulated real-world challenges by

introducing  structured noise  and systematically  assessed how the framework  performed across

different integration sequences and noise levels. The staged SHACL-based validation enabled fine-

grained analysis of data quality at multiple points along the integration pipeline. Our findings show

that the AIDAVA framework successfully identifies both missing and inconsistent data elements and

provides interpretable feedback at each stage of transformation. Together, these findings support

the  AIDAVA  framework’s  suitability  for  dynamic,  lifecycle-based  data  quality  assessment.  By

enabling validation at each transformation step, the framework allows early detection, interpretable

tracking, and strategic mitigation of data quality issues. Importantly, it encourages a holistic view of

data quality – one that considers not only dimension-specific weaknesses but also how dimensions

influence each other across the pipeline. As health systems increasingly rely on integrated datasets

for clinical and research applications, frameworks like AIDAVA provide essential infrastructure for

building trust in secondary health data use. 

Future research
Future  work  should  focus  on  improving  the AIDAVA data  quality  framework  by  aligning  SHACL

shapes with the OMOP common data model  [42] and comparing multiple integration orders to

assess their impact on data quality. Expanding SHACL validation to lab results, prescriptions, and

other hospital records will enhance its clinical applicability. Additionally, developing more realistic

noise  introduction  methods  will  better  simulate  real-world  inconsistencies,  strengthening  the

framework’s robustness. 
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APPENDIX

100% consistency and 0% completeness noise

As visualised in Figure 6, introducing 100% consistency and 0% completeness noise resulted in a

progressive  decline  in  consistency  scores  with  each  integrated  table.  However,  completeness

remained  unchanged,  as  no  data  was  missing.  After  integrating  ADMISSIONS,  time  sequence

consistency declined slightly to 97.26%. The addition of CPTEVENTS introduced inconsistencies in

‘procedure  for  gender’  and  ‘procedure  for  age’,  reducing  their  quality  scores   to  46.43%  and

53.86%, respectively. These values remained stable following the integration of DIAGNOSES_ICD.

However,  this  final  step  further  impacted  diagnostic  consistency,  with  ‘diagnosis  for  gender’

dropping to 41% and ‘diagnosis for age’ consistency falling to 51%. 

Interestingly,  data  type  consistency  declined  to  92.51%  after  CPTEVENTS  but  showed  a  slight

recovery  to  93%  after  DIAGNOSES_ICD.  This  slight  improvement  in  data  type  consistency  after

integrating DIAGNOSES_ICD suggests that some records may have aligned with expected formats at

this stage. 
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100% consistency and 25% completeness noise

Figure 7: Data quality scores at 100% consistency noise and 25% completeness noise (100_25)

With 25% of the introduced noise consisting of missing, while 75% remained consistency errors,

Figure 7 illustrates how the integration process was affected by both inconsistency and missing data.

As  ADMISSIONS  was  integrated,  time  sequence  consistency  declined  slightly  to  97.94%.  When

CPTEVENTS  was  introduced,  procedure  consistency  for  gender  decreased  to  52.93%,  while

procedure  consistency  for  age  declined  to  58.05%.  These  values  remained  unchanged  after

integrating  DIAGNOSES_ICD.  The  integration  of  DIAGNOSES_ICD  further  impacted  diagnostic

consistency, causing diagnosis-gender consistency to drop to 48.24% and diagnosis-age consistency

to decline to 57.49%.

The  presence  of  missing  data  had  a  visible  impact  on  completeness.  ‘Essential  variable’

completeness  declined  at  each  step,  reaching  93.65%  after  integrating  DIAGNOSES_ICD.

‘Conditional  variable’  completeness  was  marked  as  “NA”  for  PATIENTS,  ADMISSIONS,  and

CPTEVENTS, as this dimension requires full dataset integration. However, once DIAGNOSES_ICD was

integrated, ‘Conditional variable’ completeness reached 11.17%, indicating that some interrelated

data elements became available in the final step. 

https://preprints.jmir.org/preprint/75275 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Declerck et al

100% consistency and 75% completeness noise

Figure 8: Data quality scores at 100% consistency noise and 75% completeness noise (100_75)

With 75% missing data,  completeness  degradation became the dominant  effect  (Figure 8).  The

integration of ADMISSIONS led to only a minor decline in time sequence consistency (99.32%), and

this metric stabilized at 98.34% following CPTEVENTS. However, procedure consistency for gender

dropped to 66.72%,  and procedure  consistency  for  age  declined to  71.36%.  ‘Essential  variable’

completeness dropped to just 78% after DIAGNOSES_ICD, demonstrating the severe loss of data

availability.  After  DIAGNOSES_ICD,  ‘Conditional  variable’  completeness  remained  close  to  0%,

showing that missing data severely impacted the availability of required interrelationships. 
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100% consistency and 100% completeness noise

Figure 9: Data quality scores at 100% consistency noise and 100% completeness noise (100_100)

At 100% completeness noise, data loss was so severe that meaningful validation became impossible

(Figure  9).  Unlike  previous  noise  levels,  where  inconsistencies  could  still  be  tracked,  the

overwhelming loss of data prevented effective validation. As CPTEVENTS was integrated, procedure

consistency for gender and age could no longer be measured, as cross-source relationships had

broken down. Time sequence consistency remained at 100% throughout, but this was misleading -

the  absence  of  data  meant  inconsistencies  could  not  be  detected  rather  than  being  resolved.

Similarly, data type consistency remained at 100%, despite validation no longer being possible. The

most severe impact was observed in ‘Essential variable’ completeness, which declined to 71% after

DIAGNOSES_ICD - the lowest recorded across all noise levels. ‘Conditional variable’ completeness

was  entirely  unassessable  after  integrating  DIAGNOSES_ICD,  as  there  was  insufficient  data  to

evaluate interdependencies between sources. 
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