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Abstract

Background: Although data from electronic health records (EHR) are often used for research purposes, systematic
validation of these data prior to their use is not standard practice. Existing validation frameworks discuss validity concepts
without translating these into practical implementation steps or addressing the potential influence of linking multiple
sources. Therefore we developed a practical approach for validating routinely collected data from multiple sources and
to apply it to a blood transfusion data warehouse to evaluate the usability in practice.

Methods: The approach consists of identifying existing validation frameworks for EHR data or linked data,
selecting validity concepts from these frameworks and establishing quantifiable validity outcomes for each
concept. The approach distinguishes external validation concepts (e.g. concordance with external reports,
previous literature and expert feedback) and internal consistency concepts which use expected associations
within the dataset itself (e.g. completeness, uniformity and plausibility). In an example case, the selected
concepts were applied to a transfusion dataset and specified in more detail.

Results: Application of the approach to a transfusion dataset resulted in a structured overview of data validity aspects.
This allowed improvement of these aspects through further processing of the data and in some cases adjustment of
the data extraction. For example, the proportion of transfused products that could not be linked to the corresponding
issued products initially was 2.2% but could be improved by adjusting data extraction criteria to 0.17%.

Conclusions: This stepwise approach for validating linked multisource data provides a basis for evaluating data quality
and enhancing interpretation. When the process of data validation is adopted more broadly, this contributes to increased
transparency and greater reliability of research based on routinely collected electronic health records.

Keywords: Data validation, Data quality, Routinely collected data, Linkage of multiple sources

Background

Electronic health databases are vastly expanding in both
the amount and scope of the data available. For health
care researchers it seems very attractive to utilize these
data maximally [1, 2]. Unfortunately, the use of routinely
collected electronic health record (EHR) data potentially
leads to quality issues, resulting from the fact that the
data were not registered for research purposes but rather
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for clinical management or financial administration. This
affects the basic quality of the data for research purpose
and the ability to correctly interpret these data. There-
fore, it is important to validate the quality of the data be-
fore they can serve as a source for health care research
aimed to change clinical practice.

Data validity has previously been described as whether
values ‘make sense’ [3]; data are considered valid if the
data represent what they claim to represent [4]. In this
paper we use the term validation to indicate the process
of assessing and improving data quality. Benefits of per-
forming data validation are that it provides guidance on
strategies to improve data quality, and, by providing an

© The Author(s). 2017 Open Access This article is distributed under the terms of the Creative Commons Attribution 4.0
International License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided you give appropriate credit to the original author(s) and the source, provide a link to

the Creative Commons license, and indicate if changes were made. The Creative Commons Public Domain Dedication waiver
(http://creativecommons.org/publicdomain/zero/1.0/) applies to the data made available in this article, unless otherwise stated.


http://crossmark.crossref.org/dialog/?doi=10.1186/s12911-017-0504-7&domain=pdf
mailto:l.r.vanhoeven-3@umcutrecht.nl
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/

Hoeven et al. BMC Medical Informatics and Decision Making (2017) 17:107

overview of data quality, enables a fair appreciation and
interpretation of study results [5].

Ideally a uniform, systematic method should be used
to assess, report and improve data quality. However, as
noted previously [3]: There is currently little consistency
or potential generalizability in the methods used to assess
EHR data. [...] researchers should adopt validated, sys-
tematic methods of EHR data quality assessment. A re-
view of 35 empirical studies that used electronic health
care data showed that 66% of the studies evaluated data
accuracy, 57% data completeness, and 23% data compar-
ability. Even if quality measures were reported, the ac-
curacy of variables were highly variable, ranging from
45% to almost 100% [6]. Also, information about chronic
and severely ill patients was more likely to be docu-
mented as compared to healthier patients [7], which in
itself may be a source of bias.

Data quality assessment is especially important in stud-
ies using data from multiple sources, in order to distin-
guish true variations in care from data quality problems
[8]. More sources will provide either more cases (multi-
center studies) or additional information. Whereas adding
more cases can be problematic for data harmonization be-
cause different sources may use different coding systems,
linking additional information (for example from external
data sources) requires that patients (or other entities) can
be identified and linked in all sources [9]. In each linkage
step, non-linking records might result in a selection of the
data that is incomplete and possibly biased. However,
existing validation frameworks rarely address multiple
sources linkage [10]. Only the RECORD statement, a
reporting checklist for observational research using
routinely-collected health data [11], and a guideline for the
reporting of studies involving data linkage mention that
the percentage of linked records should be provided [12].

Existing EHR data quality assessment frameworks all
have different approaches, with partly overlapping dimen-
sions or components of data validity (see Additional file 1:
Table S1). Fundamental dimensions that in some form
occur in most frameworks are: completeness, correctness
and currency [3]. Although all of these frameworks list im-
portant aspects that should be reported, it is rarely men-
tioned how these aspects should be verified or appraised.

In this paper we aim to further standardize the process
of data validation. To this end we developed a practical
approach for assessing various dimensions of EHR data
quality, directed specifically at linked data from multiple
providers. The approach is applied to the Dutch transfu-
sion data warehouse [13] and explicitly shows how to as-
sess the validity outcomes. Thereby we provide a
detailed example of how this type of data can be vali-
dated systematically. We hope that this will increase
awareness among researchers of the importance and
benefits of structured data validation.
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Methods

Validation approach

The validation approach starts with selecting validity
concepts from previous literature and applying these to
the data. First, existing frameworks were identified in
the literature, from which then relevant concepts were
selected, and finally, the concepts were operationalized
in terms of the final application. Each of the different
steps are depicted in Fig. 1 and further described below.

Identification of validation frameworks in literature

Previous frameworks on the validation of EHR data were
identified in literature using the search terms ‘data valid-
ation; ‘data validity’ or ‘data quality; separately and com-
bined with ‘electronic health record; ‘routine patient care
record; ‘routinely collected (health) data; ‘routine admin-
istrative healthcare data) ‘hospital registry data, ‘joint
registry data, ‘linked data; ‘administrative database; and
via examining the references in those papers, until no
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new concepts seemed to emerge. From this literature,
we selected those frameworks that might have relevance
to EHR or to linked (multisource) data. In total, six data
quality frameworks and two reporting guidelines were
selected from literature (3, 8, 11, 12, 14—18]. Additional
file 1: Table S1 provides an overview of the data quality
concepts that were found in the selected frameworks
and guidelines.

Selection of data validity concepts
From the frameworks identified, data validity concepts
were selected that were applicable to validating EHR
data from multiple sources. Excluded were contextual
concepts that differ for each research question such
as currency, timeliness, representativeness, relevance,
appropriate amount of data, and accessibility; these
contextual concepts might eventually be addressed at
a later stage. Also excluded were concepts that can
only be assessed by manually reviewing the original
medical records; instead only concepts that can be
assessed in a more standardized way were included.
The following concepts were included in our ap-
proach (numbers within parentheses reflect the num-
ber of frameworks that include these concepts in
some form): External concordance (3), Linkage (3),
Identity (7), Completeness (3), Uniformity (4), Time
patterns (2), Plausibility (6) and Event attributes (1).
The concept External concordance was split into four
separate concepts: External concordance with (annual)
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reports from related organizations, External concord-
ance with earlier findings in literature, External con-
cordance with external clinical registries or databases,
and External concordance with expert feedback. Also,
because of the multisource character of our applica-
tion, we added the concept Consistency of hospitals
within the data warehouse. All selected validity con-
cepts are depicted in a step-wise approach (Fig. 2).
The data warehouse is depicted in the center, with ar-
rows leading to the concepts. Broadly, the concepts
and outcomes can be categorized as either external or
internal. External concordance (depicted in the upper
part of Fig. 2) is the agreement between aggregated
numbers in the data warehouse and external sources.
For example, the numbers in the data warehouse can
be compared to (annual) reports from related organi-
zations. Likewise, earlier findings in literature can be
used, or external clinical registries or databases might
be available for comparison. Finally, the numbers and
findings can be checked by presenting them to experts in
the field. Internal consistency outcomes (depicted in the
lower part of Fig. 2) use expectations of what are consid-
ered valid values, often within one data source, or valid
relationships between and within variables. Internal
consistency concepts are: Linkage of entities occurring in
multiple data tables within the data warehouse, Identity,
Completeness, Uniformity, Times patterns, Plausibility,
Event attributes and Consistency of results between hospi-
tals within the data warehouse.

Annual report
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Fig. 2 The validation approach. The approach distinguishes external validation concepts (upper part) and internal validation (lower part) concepts. The
numbers indicate a suggested order in which to check to concepts in order to efficiently identify errors in the data
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Defining the selected concepts
For each concept selected the aim was defined, i.e. what
would be perfect validity in terms of this concept (Table 2
under the column header ‘AimY’). In addition, an order is
suggested in which to check the concepts that is efficient
in identifying errors in the data (numbered steps 1-12 in
Fig. 2). In general, one would start with concepts that are
relatively easy to check, and end with concepts that re-
quire further processing of the data. Applying this general
logic, the first step is to start with External concordance of
the raw numbers in the data warehouse as compared to
external data from for instance an annual report (Step 1 in
Fig. 2). If crude numbers are incorrect a return visit to the
data provider is necessary to check whether the correct
data can be provided. In Step 2, it should be ensured that
entities occurring in multiple data tables can be linked,
and it must be decided whether records that cannot be
linked will be excluded or not, before the data on the
other concepts are validated. Next the application of the
Identity (Step 3) and Completeness (Step 4) concepts is
straightforward: The requested variables should be
present, ideally have no missing values and single entities
or events should be unique. If the dataset is incomplete or
in case duplicates exist, this might bias the other validity
outcomes. When data have no duplicates and is as
complete as possible, the remaining Internal consistency
concepts can be checked: Uniformity, Time patterns,
Plausibility and Event attributes (Step 5-8). The Uniformity
concept (Step 5) checks and ensures that measurements
across time and departments all have the same units and/
or coding system and/or duration. This is especially im-
portant for diagnoses and procedures; ideally hospitals
should use similar coding systems, with the same level of
detail, and use them in the same way also over time. Time
patterns (Step 6) within one variable or linkage patterns be-
tween multiple variables might reveal the occurrence of
registration or extraction errors through large gaps or un-
explained changes that occur over time. The Plausibility
concept (Step 7) examines the data on identifiable errors,
using expectations of relationships between variables to
check the accuracy of measurements, for instance the
accuracy of date and time values. The Event attributes
concept (Step 8) requires that for each event (eg a
hospitalization or procedure) all relevant attributes are
present (e.g. measurements). Finally, when validity out-
comes have been computed for various centers within the
data warehouse, the observed differences between hospitals
from within the data warehouse can be compared (Step 9).
This will either support the validity of the data when the
outcomes between centers are consistent, or might indicate
errors in the data or findings; unexplained differences
between centers might warrant further investigation.

After the Internal consistency concepts have been
checked and -if necessary- improved, the final External

Page 4 of 10

concordance outcomes can be computed. These out-
comes require some preliminary analyses to be done on
the data, and then comparing the findings to previous
literature (Step 10) and discussing the results with clin-
ical experts (Step 11). Finally, the resulting validity out-
comes can be placed in context by comparing them to
similar databases, if available (Step 12).

Example case

Application

To apply the concepts to a specific dataset, tangible out-
comes per concept need to be defined, preferably in
quantifiable terms such as percentages or absolute num-
bers. Outcomes can also be yes/no questions, time trend
figures, comparisons to reference data or literature, or
expert feedback. As the outcomes are tailored to the
specific application, this step of defining the exact out-
comes has to be repeated for each unique dataset.

Data

Data on blood transfusion were used as an example case
to illustrate the application of the validation approach.
These data were collected in the context of the Dutch
Transfusion Data warehouse (DTD) project [13], in
which data from the national blood bank on blood do-
nors and products are linked to patient data from two
teaching hospitals for the period 2010-2014 (see Table 1
for hospital characteristics). Both hospitals use the na-
tional Blood transfusion Guideline [19]. Variables in-
clude the three most important blood products that are
transfused: red blood cell (RBC), fresh frozen plasma
(FFP) and platelet (PLT) products, as well as clinical in-
formation on transfusion recipients such as diagnoses,
surgeries and laboratory measurements. After collection,
these data need to be validated in order to create a valid
transfusion data warehouse that can be used for research
purposes. As this dataset involves multiple centers and
linked donor-recipient data, it is especially suitable to
serve as an example case to illustrate the validation ap-
proach. In order to keep the Results table manageable,
the average outcomes of the two teaching hospitals are
shown.

Table 1 Hospital characteristics (for the year 2014)

Hospital A Hospital B
Number of beds 1100 471
Annual number 12,653 6681
of RBC transfusions
Presence of Hematology, Hematology, oncology,

typical oncology, thoracic  thoracic surgery, trauma
transfusion surgery, trauma center (and heavy emphasis
specialisms center on major vascular / aneurysm

surgery and obstetrics)
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Results

The validation approach was applied to the transfusion
dataset, so that each concept was assessed by one or
more outcomes (Table 2). A selection of outcomes that
demonstrate how the validation process led to improve-
ments of the data is discussed in more detail below. A
more extensive discussion of all validity outcomes can
be found in Additional file 1: Table S2.

We first checked the agreement between the number of
blood products in the dataset and those reported in the an-
nual blood bank report (Step 1: External concordance with
report), which was 98.7%, computed as the absolute differ-
ence between both sources as the numerator (computed
separately per product and summed) and the number of
blood products in the dataset as the denominator. The
slight disagreement can be explained by potential differ-
ences in the way of counting composite and split blood
products. Of the transfused products, initially 96.7% could
be linked to the corresponding donation (Step 2: Linkage).
We traced this difference back to a post-hoc modification
in the coding of the product identification number at the
blood bank, leading to different codes existing in the blood
bank and the hospital system for the same product. When
the coding was adjusted, the proportion linked products in-
creased to 99.98%. Initially 1% of products were duplicated
(Step 3: Identity). Investigation of product types revealed
that most duplicates were split products. The products
were given unique identifiers post-hoc, resulting in an im-
proved duplication percentage of 0.14%. Most transfusions
-98%- could be linked to one or more diagnoses (Step 4:
Completeness). In most cases the diagnosis was even more
than complete: the number of pending diagnoses ranged up
to 15 diagnoses per transfusion. This means that it will be
necessary to make a selection of those diagnoses in the fu-
ture if we want to determine the main indication for a
transfusion. Diagnoses were defined differently by the two
hospitals and therefore had to be recoded using a uniform
reference table (Step 5: Uniformity). The percentage of
diagnosis codes that could be linked to the reference table
was 96.1%. Investigation of time patterns (Step 6: Time pat-
terns) revealed that for the year 2010, an exceptionally high
percentage of transfusions could not be linked to products
issued (2.2% versus 0.07% in other years). This percentage
could be lowered to 0.17% by including blood bank data
from the previous year 2009 (the unlinked products were
mainly frozen plasma products that were issued in the year
before the actual transfusion). Plausibility of registered
dates and times (Step 7: Plausibility) was checked based on
a priori expectations. For example hemoglobin (Hb) gener-
ally is expected to increase after transfusion. Indeed, in 54%
of cases Hb did increase, 40% did not clinically change,
however 6% decreased. This decreasing 6% might indicate
incorrect date values, which could occur when the regis-
tered time of transfusion actually records the moment that
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a product or service (e.g. the blood product) was requested
instead of administered. To check this, expert feedback was
asked regarding the plausibility of the observed Hb changes
(Step 11: Concordance with expert feedback). Further in-
vestigation of the data showed that most recipients with a
decrease in Hb had a diagnosis indicating high bleeding risk
(87%), explaining the observed decrease. Taking this into
account, the percentage of all transfusions with an unex-
plained decrease is lower than 1%, which according to the
experts is acceptable. Event attributes (Step 8) include that
each platelet product is made up from multiple donations
and should therefore be attributable to five or six unique
donations, which was also found in the dataset for 100% of
platelet products.

These are all average outcomes, however a comparison
of the two hospitals included shows that their validity out-
comes were very similar (Step 9: Consistency of hospitals
within data warehouse; results not shown), supporting the
validity of the findings. Also, concordance with literature
(Step 10) was checked by comparing the distribution of
blood products over age and gender per product type with
the previously reported PROTON study, of which the
DTD is the successor. Distributions were very similar but
platelet use has shifted towards older patients, especially
men aged 60-80 years (Additional file 1: Table S2). This
can be explained in part by the ageing of the population
and changes in policy in the past 10 years; platelet use was
increased in thorax surgery and hematological disorders,
which both are more prevalent in men.

Lastly, the concordance of these findings with validity
outcomes reported for other databases was investigated
(Step 12: Concordance with other databases). The most ex-
tensive list of validation outcomes were reported by the
SCANDAT study [18, 20], therefore, these outcomes are
shown next to the validity outcomes of the DTD (Table 3).
SCANDAT and the DTD show similar results regarding
the high external concordance of the data with external sta-
tistics and the fact that both studies identified missing data
by investigating time patterns. Different is the proportion
of hospitalized patients, which might be due to differences
between the countries in the registration of patients (we
found a consistently higher hospitalization rate for both of
the DTD hospitals included). The estimated proportion of
patients with incomplete information due to transference
to another hospital was up to 6% for the DTD. This might
actually be an underestimation, considering the finding that
in SCANDAT 8.9% of recipients received a blood transfu-
sion in two or more local registers, and because our 6% did
not include patients who were hospitalized elsewhere prior
to being hospitalized in our included hospitals.

Discussion
Being explicit about research methods is important for the
reliability, reproducibility and credibility of research, and



Hoeven et al. BMC Medical Informatics and Decision Making (2017) 17:107

Table 2 Concepts and applied validation outcomes for n = 2 hospitals from the DTD
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Validation Approach Application
Order Concept Aim Outcome Average of two hospitals
External
1 Concordance  Data are concordant with % agreement between number of products 98.7% (RBC 99.2%, PLT 97.6%, FFP 98.7%)
with report (annual) report in annual blood bank report and DWH
10 Concordance Data are concordant with Comparison of distribution of blood Distributions were quite similar, only platelet

Internal
2

3

4

5

with literature

Concordance
with experts

Concordance
with other
databases

Linkage data
sources within
DWH

|dentity

Completeness

Uniformity

previous findings in literature

Data are concordant with expert
opinions; findings can be
explained in a clinical context

Findings are concordant with
other databases

Entities occurring in multiple
data tables can be linked

No duplicates

No missing variables or values

Measures across time and data
sources all have the same
units, level of detail and/or
coding system

products by age and gender per product
type in the Netherlands

Plausibility of changes in Hb after
blood transfusion

Comparison of findings with SCANDAT,
a Scandinavian transfusion database

% transfusions linked to issued products
by id of the end product

% products issued linked to transfusion
(indicates spilling rate)

% products that can be linked to
donation(s); % products linked to donors

% duplicated transfusions (donation
identification code + product type)

% duplicated donations (donation
identification code + product code)

9% duplicated procedures codes

% patient ID; date of birth; gender,
procedure date; Hb and thrombocyte
counts; product code

9% non-missing values for donor ID; date
of birth; gender, Hb value, Expiration or
Production date

% of transfusions that fall within at least
one diagnosis start and end date

% product codes that occur in the
reference list of ISBT product codes

% Diagnosis codes that occur in the
reference list (of national diagnosis
codes and descriptions)

% of Hb measurements from hospitals and
blood bank with the same level of precision

use has shifted towards younger patients
(Additional file 1: Figure S2.4).

The experts concluded that the plausibility
is acceptable; the 1% unexpected decreases
might be explained by other factors.

The SCANDAT database has similar external
concordance, completeness and linkage rates.

99.96% (no link for n = 46 RBC, n = 5 PLT,
and n =1 FFP)

97.65% (RBC 97.95%, PLT 99.25%, FFP 93.35%)

Initially 96.73%, after improving the donation
numbers this increased to 99.99%; the link
from product to donor was 99.98%

0.14% (initially this was 19%; it turned out that
most duplicates were split products. Due to
unavailable product codes in one hospital,
the broader product type had to be used)

0.005% (RBCs); 0% (FFP and PLT)

0% (all duplicates were removed, because it was
expected that double registration would occur)
100%; 99.99%; 99.99%; 100%; 99.8%

and 97.5%; 50%

100%; 99,995%; 100%; 98.8%; 100%

98% (see Additional file 1: Table S2.1)

50% (for one hospital product code was

not available)

96.1%

>99.6% uses 1 significant decimal in all sources
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Table 2 Concepts and applied validation outcomes for n = 2 hospitals from the DTD (Continued)

6  Time patterns  No unexplained changes

over time

Examine number of transfusions per
year per product type

Examine linkage percentage of transfusions
to products issued per year

Compare number of donations, products
and donors of subsequent (calendar) years

The observed decrease (Additional file 1:
Figure S2.1) is in line with the known
nationally decreasing trend.

The relatively high decrease for FFP use
(Additional file 1: Figure S2.2) can be
explained by the introduction of ROTEM, a
hemostasis testing method.

In 2010 relatively many unlinked transfusions
occurred (see Additional file 1: Figure S2.3).
After blood bank data from the previous year
2009 was included, the linkage percentage
increased to 99.8% or higher for all years.

7 Plausibility Data are free of % donation date < date of pooling 100%
identifiable errors
% within limits for number of donations FFP 100%; WB 99.8% (0.2% exceeds the limit
per donor per year (maximum is 3 with in total 6 or 7 donations within a year)
(females) or 5 (males) for whole blood
and 23 for plasma)
% donor age > 18 and >70 years 100% (only 0.0006% was >70 and 0.0004%
(minimum and maximum age for donating) was <18 and these were mainly
autologous donations)
% transfusion with increase (and decrease)  54% increases; 6% decreases; 40% no change.
in Hb level (Hb values + — 1 day around Of those decreasing, 97% had a diagnosis
transfusion; difference > + — 8.8% is indicating high bleeding risk
considered a clinical change)
% patient age < 121 years 100%
Maximum number of transfusions per year ~ Max tr. per year 476 (mainly FFP) for
diagnosis TTP.

% correct gender for Gynecology diagnoses 100%
% patients with transfusions/ surgery 0.0% (n = 2 changed mortality status to NA)
after date of death
9% with admission date before discharge 100%
date) (zero-length rule)
% with non-negative difference between 99.93%
expiration and transfusion date

8  Event All attributes relevant % of pooled products that are linked to 100%

attributes to an event description the correct number of unique donors
are present (in this case 5 or 6 donors contribute to

one pooled platelet product)
% of patients that are transferred to 6%

another hospital according to the
‘discharge destination’ variable

% transfusions linked to hospitalization
(indicates outpatient transfusions)

9  Consistency
hospitals
within DWH

No unexplained differences

between hospitals of the hospitals

Comparison of (validity) outcomes

99.16% (of which 23.64% day admissions,
likely including transfusions given at the
outpatient ward)

The two hospitals have very similar validity
outcomes, not requiring further investigation.

in our opinion this includes being explicit about data val-
idity. We recommend that any study that involves elec-
tronic health record data should include an overview of
the steps taken to ensure data validity. This applies in par-
ticular to more complex routinely registered data that are
not designed for research purposes or are complex (for ex-
ample data covering an extensive time period or linkage of
several sources). Therefore, we documented a step-wise

approach for systematically validating multiple source data
from electronic health records. The approach integrates
concepts from existing guidelines for EHR quality assess-
ment with the specific challenges inherent to linked, mul-
tisource data. The proposed approach is practical as the
validity concepts are directly related to what is needed for
actually carrying out the validation. For some validation
steps, data from only one center and of a single point in
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Table 3 Comparison of validity outcomes in the SCANDAT study and the current DTD results

DTD example

Outcome SCANDAT 1/2
External concordance of database >97%

and official statistics on the number

of transfusions

% transfusions linked to the 95%
corresponding donor

% transfusions linked to hospitalization 88.7%

% duplicated donations and transfusions

% missing or invalid values for
identification number or date values

Time patterns for donations and
transfusion counts

4.9% (donations) and 9.1% (transfusions)

Range between 0.1% to 3.6%

In 1 year approximately 160,000 transfusions
were missing; it took 2 years for the number
of donations and transfusions to stabilize after

>98.7% for products and 99.96% for transfusions

99.99%

99.2% (of which 23.6% day admissions)
0% (donations) and 0.14% (transfusions)

09%-0.01%

In 1 year the link of transfusions to products could
be made for 2.2%, however this could be improved
by adding donation data from the previous year

the start of a new registration system

% of recipients had records of receiving 8.9%
a blood transfusion in two or more

local registers

6% of patients are transferred to another hospital

time might be sufficient, other steps require at least two
centers or data from prolonged periods of time, or require
the availability of external information such as previous
literature or expert opinion.

The approach was applied to data from the Dutch
Transfusion Data warehouse (DTD), resulting in an
overview of validity outcomes and improvements of the
quality of the data. In addition to improving the data,
the validity outcomes, if made publicly available, increase
transparency and contributes to the efficient use and re-
use of existing sources of information. A clear overview
of data validity is informative for researchers who want
to use an existing database and, vice versa, requests for
using the data can be evaluated more easily.

What is ‘good’ quality data?

It can be argued that no universal cut-off values exist as
to whether electronic health data are “valid” or of “high
quality” [21], since the level of data quality required will
also depend on the purpose of the study concerned. Still,
objective measures for relevant quality concepts are ne-
cessary, and an adequate understanding of how to inter-
pret validity outcomes is desirable.

Levels of validity as found in earlier studies might set a
-more or less arbitrary but realistic- standard. Validation
outcomes reported by previous transfusion data ware-
house studies are sparse and vary greatly. Most often re-
ported was the linkage rate of transfusions to donors,
varying between 92%—-99% [20, 22-25] and, vice versa, es-
timates of wastage of blood products (i.e., issued but not
transfused) of 1.3% and 7.7% [22, 23]. The percentage
missing values was also reported by some studies: clinical
variables were missing for 13% (post-transfusion Hb), 14%
(ASA code) [26], and 20% (specialty), with the degree of
missingness varying between specialties from 2% to 47%
[21] (a more extensive overview per transfusion database

is provided in Additional file 1: Table S3). Comparing the
SCANDAT to the DTD outcomes, we found similar re-
sults regarding the completeness measures and the high
external concordance of the data with external statistics.
In this context, we think the data from the DTD shows
sufficient validity. This is, however, time-bound; when
new data (either hospital or external) are included in the
future, these data must be validated as well.

Although data quality should ideally be checked con-
tinuously, such checks may be particularly relevant fol-
lowing: the first data extraction from a hospital or other
data source, inconsistencies present in the data, the
introduction of a new hospital information system, or
reorganization or fusion of hospitals [1]. In order to
keep track of changing registration systems in individual
hospitals, a questionnaire might be submitted once a
year on new developments in the hospital that could im-
pact the registration or data extraction. Especially for
the purpose of benchmarking hospitals (or other data
sources), it is important that all selection and interpret-
ation steps are performed in a similar way for each
hospital. After all, the impact on the comparison is mini-
mized when bias is similar for each hospital.

Remaining issues and future directions

The concept Accuracy or Correctness -which is particu-
larly relevant for diagnosis and procedure codes- was
not yet covered by the approach. As the data warehouse
is too large to manually check accuracy of diagnoses for
each individual patient, a sample of diagnoses and pro-
cedures will be validated by manual review of patients’
local medical records.

It must be noted that it is a choice whether to aggre-
gate the validation outcomes to the level of patients, var-
iables, hospitals or even combining all sources in the
database. Outcomes become less informative for higher
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aggregation levels, but are still useful for detecting large
irregularities in the data. To simplify the interpretation
of validity outcomes, we encourage adding visualizations
or summaries (especially when outcomes are similar),
for example, Completeness could be summarized by giv-
ing the percentage of variables that is at least 95%
complete [14]. In the same respect, linkage can be per-
formed across different levels. In this paper linkage took
place on the level of the patient, donor and transfusion/
blood product. Different linkage scenarios include EHR
data with insurance claims, mortality or medical practi-
tioner data. The linkage percentages should be consid-
ered from the viewpoint of the particular research
concerned and the impact of low linkage quality on
study outcomes.

It appears that the process of preparing data for ana-
lysis, including data harmonization and assessing data
quality, is commonly taking place at the intersection of
data management and research. In practice, part of the
validation may be performed by the data manager. How-
ever, it is the researcher who ultimately is responsible
for making and communicating any choices made in this
process, and the implications for the validity and inter-
pretability of study results.

Conclusions

The proposed approach provides a structure for validat-
ing multisource EHR data. By making the validation
steps explicit and concrete, the applied example shows
that the approach is feasible, enhances the interpretation
of the data and improves data quality. Hopefully this will
encourage researchers to consider and report data qual-
ity, in a way that goes beyond conceptual classifications
and allows transparent assessment of the potential im-
pact of data quality on research findings.

Additional file

Additional file 1: Table S1. Occurrence of data quality concepts in
existing EHR quality assessment or data linkage frameworks. Table S2.1.
Distribution of number of pending diagnoses per transfusion. Figure S2.1.
Time patterns in number of donations, products and donors. Figure S2.2.
Time patterns in number of transfusions by product type. Figure $2.3. Time
patterns in % of transfusion that initially could not be linked to
products issued. Figure S2.4. Comparison with previous literature:
Distribution of blood products over age and gender, by product
type. Table S3. Data validity outcomes reported in the literature
for studies that use transfusion databases. Text. Similarities with
other operationalizations of data validity. (DOCX 205 kb)

Abbreviations

DWH: Data warehouse; EHR: Electronic health record; FFP: Fresh frozen plasma
product; Hb: Hemoglobin; ICD: International classification of diseases; PLT: Platelet
product; RBC: Red blood cell product

Acknowledgments
We would like to thank the data managers Sandor Schmikli and Janneke
Giele-Eshuizen for their patience and input (both literally and figuratively) in

Page 9 of 10

the data warehouse. We also thank Karen de Vooght for her advice on the
interpretation of hemoglobin laboratory measurements.

Funding

This work was funded by Sanquin Blood Supply (PPOC-11-042). The funding
body did not essentially affect the choices made regarding study design,
collection, data analysis and interpretation and writing of the manuscript.

Availability of data and materials

The datasets supporting the conclusions of this article are available in the
Dutch Transfusion Data warehouse (DTD). Researchers planning a project
can gain access to the data warehouse by completing a data request form.
The DTD advisory Board will determine whether the request is granted.

Authors’ contributions

PK, JR, AL and MK were involved with the extraction and/or interpretation of
the data. LvH performed the analyses and drafted the manuscript. All authors
critically revised the manuscript and approved the final version.

Ethics approval and consent to participate

The Dutch Transfusion Datawarehouse has been approved by one hospital
medical ethical committee (VU medical center Amsterdam), which implies
approval of all Dutch hospitals. It also meets requirements of Dutch privacy
laws. Donors are asked for permission by means of a donor questionnaire
before each donation. Patients are not actively asked for permission but they
can opt out for use of their medical data for research purposes.

Consent for publication
Not applicable; the manuscript does not contain data at the individual level.

Competing interests
The authors declare that they have no competing interests.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in published
maps and institutional affiliations.

Author details

"ulius Center for Health Sciences and Primary Care, University Medical
Center Utrecht, Universiteitsweg 100, 3508, GA, Utrecht, The Netherlands.
Transfusion Technology Assessment Department, Sanquin Research,
Plesmanlaan 125, 1066, CX, Amsterdam, The Netherlands. *Department of
Public and Occupational Health, EMGO Institute, VU University Medical
Center, Van der Boechorststraat 7, 1081, BT, Amsterdam, The Netherlands.
4Depar‘[mem of Transfusion Medicine, Sanquin Blood bank, Plesmanlaan 125,
1066, CX, Amsterdam, The Netherlands. °Isala, Dr. Van Heesweg 2, 8025, AB,
Zwolle, The Netherlands. ®°OLVG, Oosterpark 9, 1091, AC, Amsterdam, The
Netherlands. "Department of Health Technology & Services Research, MIRA
Institute for biomedical technology and technical medicine, University of
Twente, Drienerlolaan 5, 7522, NB, Enschede, The Netherlands.

Received: 8 March 2017 Accepted: 10 July 2017
Published online: 14 July 2017

References
1. Cook JA, Collins GS. The rise of big clinical databases. Br J Surg. 2015;102:
€93-101.

2. Kleinman S, Glynn SA. Database research in transfusion medicine: the power
of large numbers. Transfusion. 2015;55(7):1591-5.

3. Weiskopf NG, Weng C. Methods and dimensions of electronic health record
data quality assessment: enabling reuse for clinical research. J Am Med Inform
Assoc. 2013;20(1):144-51.

4. Fischer C. Quality indicators for hospital care: reliability and validity. Doctoral
thesis, Erasmus Universiteit Rotterdam, 2015. http://repub.eur.nl/pub/79066/.
Accessed March 2017.

5. Callen J. What is the impact of electronic health records on the quality of
health data? Health Inform Manage J. 2014;43(1):42.

6. Chan KS, Fowles JB, Weiner JP. Electronic health records and reliability and
validity of quality measures: a review of the literature. Med Care Res Rev.
2010,67(5):503-27.


dx.doi.org/10.1186/s12911-017-0504-7
http://repub.eur.nl/pub/79066/

Hoeven et al. BMC Medical Informatics and Decision Making (2017) 17:107

7. Weiskopf NG, Rusanov A, Weng C. Sick patients have more data: the non-
random completeness of electronic health records. In: AMIA 2013. https://
pdfs.semanticscholar.org/e821/7726ea7a0ce4c5b4c6faeb2b4360ca440c08.
pdf. Accessed March 2017.

8. Kahn MG, Raebel MA, Glanz JM, Riedlinger K, Steiner JF. A pragmatic framework
for single-site and multisite data quality assessment in electronic health record-
based clinical research. Med Care. 2013;50

9. Bhoensky M. Bias in data linkage studies. In: Goldstein H, Harron K, Dibben
G, editors. Methodological developments in data linkage. Chichester: John
Wiley & Sons, Ltd; 2016.

10. Brown J, Kahn M, Toh S. Data quality assessment for comparative effectiveness
research in distributed data networks. Med Care. 2013;51(8 0 3):522.

11. Benchimol El, Smeeth L, Guttmann A, Harron K, Moher D, Petersen I.
RECORD working committee. The REporting of studies conducted using
observational routinely-collected health data (RECORD) statement. PLoS
Med. 2015;12(10):21001885.

12. Bohensky MA, Jolley D, Sundararajan V, Evans S, Ibrahim J, Brand C.
Development and validation of reporting guidelines for studies involving data
linkage. Aust N Z J Public Health. 2011;35(5):486-9.

13. van Hoeven LR, Hooftman BH, Janssen MP, de Bruijne MC, de Vooght KM,
Kemper P, et al. Protocol for a national blood transfusion data warehouse
from donor to recipient. BMJ Open. 2016,6(8):e010962.

14. Wang R, Strong D. Beyond accuracy: what data quality means to data
consumers. J Manag Inf Syst. 1996;12:5-34.

15. Maydanchik A. Data quality assessment. Bradley Beach, NJ: Technics
Publications; 2007.

16. Van den Broeck J, Cunningham SA, Eeckels R, Herbst K. Data cleaning: detecting,
diagnosing, and editing data abnormalities. PLoS Med. 2005;2(10):966.

17.  Davoudi S, Dooling JA, Glondys B, Jones TD, Kadlec L, Overgaard SM, et al.
Data Quality Management Model (2015 Update). Journal of AHIMA 2015,86(10).
http//bokahima.org/doc?oid=107773# WWXIXITyiiQ.

18. Black N, Payne M. Directory of clinical databases: improving and promoting
their use. Qual Saf Health Care. 2003;12(5):348-52.

19.  Quality Institute for health care (CBO). [Blood transfusion guideline] Richtlijn
Bloedtransfusie. Alphen aan de Rijn: Van Zuiden Communications; 2004.

20. Edgren G, Hjalgrim H, Tran TN, Rostgaard K, Shanwell A, Titlestad K, et al. A
population-based bi-national register for monitoring long-term outcome
and possible disease concordance among blood donors and recipients. Vox
Sang. 2006,91:316-23.

21. Barr PJ, Donnelly M, Morris K, Parker M, Cardwell C, Bailie KEM. The epidemiology
of red cell transfusion. Vox Sang. 2010;99(3):239-50.

22. Edgren G, Rostgaard K, Vasan SK, Wikman A, Norda R, Pedersen OB, et al.
The new Scandinavian donations and transfusions database (SCANDAT2): a
blood safety resource with added versatility. Transfusion. 2015;55(7):1600-6.

23. Tinegate H, Chattree S, Igbal A, Plews D, Whitehead J, Wallis JP. Ten-year
pattern of red blood cell use in the north of England. Transfusion.
2013;53(3):483-9.

24. Allden RL, Sinha R, Roxby DJ, Ireland S, Hakendorf P, Robinson KL. Red alert—
a new perspective on patterns of blood use in the south Australian public
sector. Aust Health Rev. 2011;35(3):327-33.

25. Palo R, Ali-Melkkila T, Hanhela R, Jantti V, Krusius T, Leppanen E, et al.
Development of permanent national register of blood component use
utilizing electronic hospital information systems. Vox Sang. 2006,91:140-7.

26. Palo R. Epidemiology of blood component use in Finland. Doctoral thesis:
Helsinki University Hospital, Helskini 2013. http://urn.fi/URN:ISBN:978-952-
5457-28-5.

Page 10 of 10

Submit your next manuscript to BioMed Central
and we will help you at every step:

* We accept pre-submission inquiries

e Our selector tool helps you to find the most relevant journal

* We provide round the clock customer support

e Convenient online submission

e Thorough peer review

e Inclusion in PubMed and all major indexing services

e Maximum visibility for your research

Submit your manuscript at .
www.biomedcentral.com/submit () BiolMed Central



https://pdfs.semanticscholar.org/e821/7726ea7a0ce4c5b4c6faeb2b4360ca440c08.pdf
https://pdfs.semanticscholar.org/e821/7726ea7a0ce4c5b4c6faeb2b4360ca440c08.pdf
https://pdfs.semanticscholar.org/e821/7726ea7a0ce4c5b4c6faeb2b4360ca440c08.pdf
http://bok.ahima.org/doc?oid=107773#.WWXlXITyiiQ
http://urn.fi/URN:ISBN:978-952-5457-28-5
http://urn.fi/URN:ISBN:978-952-5457-28-5

	Abstract
	Background
	Methods
	Results
	Conclusions

	Background
	Methods
	Validation approach
	Identification of validation frameworks in literature
	Selection of data validity concepts
	Defining the selected concepts

	Example case
	Application
	Data


	Results
	Discussion
	What is ‘good’ quality data?
	Remaining issues and future directions

	Conclusions
	Additional file
	Abbreviations
	Funding
	Availability of data and materials
	Authors’ contributions
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Publisher’s Note
	Author details
	References

