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Abstract. Several dimensions of data quality are described in the literature. One
overriding aspect is considered to be the extent to which data represent the truth
which is captured by data validity. Unfortunately, a common terminology, well
defined concepts, and approved measures are missing in regard to data validity. In
particular, there is a need to discuss the gold standard as reference for the data at
hand and respective measures. Ultimate gold standard would be the state of the
patient which itself is subjected to human and personal interpretations. Usually, an
often diverse form of source data is used as gold standard. Based on the concept of
the measure, it might be inappropriate differentiating between present and absent
while calculating precision and recall. Due to the complexity and uncertainty of
many health care related issues, a more sophisticated comparison might be necessary
in order to establish relevant and general figures of data quality. Unfortunately, a
harmonization in this field is not visible. Further research is needed to establish
validated standards to measure data quality.
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1. Introduction

Validity is the most important dimension of data quality. Usually, other dimensions of
data quality like timeliness or plausibility are conditions that have to be fulfilled in order
to obtain valid data. However, their fulfillment does not necessarily guarantee validity.
Validity has to be assessed on its own. Terms and concepts that are related to validity are
numerous [1, 2]. For example, Weiskopf and Weng assigned accuracy, corrections made,
errors, misleading, positive predictive value, quality, and validity to the dimension
correctness [3]. Thereby, they set correctness as the preferred denomination for a data
element that is true, whereas, Botsis et al. used accuracy in defining inaccuracy as “non-
specific, non-standards-based, inexact, incorrect, or imprecise information” [4]. Wang
and Strong assigned accuracy together with believability, objectivity, and reputation to
the high level dimension “intrinsic data quality” [5]. The data validation process within
the regulation of clinical trials is more pragmatic by demanding trial data being “accurate,
complete, and verifiable from source documents” [6], thereby reducing trueness as
mentioned by Weiskopf and Weng to the congruence with data recorded elsewhere
(“source documents”). The German guideline for the adaptive management of data
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quality differentiates six indicators in the category trueness: accuracy, agreement with
source data referring to data eclements, agreement with source data referring to
observational units, completeness, compliance with operating procedures, and
representativeness [7].

In the context of a project on identification of adverse drug events with routine data,
questions arose about the gold standard for data validity and its measurement [8]. In the
following we will elaborate opportunities and pitfalls in data validation from the point of
view of that project.

2. Gold standard

The truth is the patient’s health status. However, using a second opinion concept for data
validation is an uncommon practice. Even endpoint committees in clinical trials rely on
recorded information while reviewing important events. Some studies evaluated a more
basic concept of data validation. For instance, Pringle et al. in their validation study
compared the documentation of physicians’ practices with a gold standard established
by an expert opinion based on videotaped material from the consultation process [9]. In
a study on pressure ulcers a random sample of inpatients was examined by study nurses
independently from the regular staff. During the visits, the study nurses examined the
skin of the patients and recorded the pressure ulcer status [10]. The result was then
compared against routine data used for reimbursement on the one hand and an additional
documentation setup for quality management purposes on the other hand.

Hogan and Wagner described the information flow from the true state of the patient
to the paper-based or electronic documentation (cf. figure 1) [11]. Paper-based
documentation is being progressively replaced by electronic one, existing without a
paper-based artifact, hence the term ‘“source data” could be assigned to both.
Consequently, a source data verification must deal with both media. However, if initial
paper-based documentation has to be subsequently entered into the computerized patient
record (CPR), the transfer process itself is vulnerable to mistakes, thus making the
validity dependent on the choice of source.
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Figure 1. Relation between true state of the patient, paper-based and electronic documentation [11].
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Several issues may come up by accepting source documents as reference for the true
state of the patient. Firstly, although a source data verification in samples is not inferior
to a complete source data verification in the benchmarking process [12], measures from
samples might be prone to errors due to relationships between data validity and sampling
strategies. For example, cross sectional samples of inpatients will preferably include
inpatients with a longer hospital stay. Those patients will not only suffer from a higher
risk of adverse events, but also their documentation pattern might differ from patients
with a shorter length of stay. Secondly, identification of the truth in source documents is
a challenge on its own. For example, in our study about validation of adverse drug events
in routine data, the identification process starts with the decision about the parts of the
patient’s chart that should be consulted, e.g. lab reports and consultations. Specific tools
could be implemented guiding through the review process, themselves focusing on
selected documents and triggers (for example [13]). The level of evidence present in the
chart has to be justified. Is it acceptable if the adverse drug event is explicitly named
without any respective supporting findings? Is a recording of the disease term alone
equivalent to the recording of the disease accompanied by its relationship to the
application of a drug? Consequently, Stausberg et al. extended the figure of Hogan and
Wagner and introduced new aspects of the documentation process (cf. figure 2) [14]. The
figure shows that different truths exist even in the source data of a single institution (I to
1II).
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Figure 2. Different levels of truth established during the documentation process [14].

3. Measures

The measures of data validity are derived from the 2 by 2 table, the horizontal and vertical
axes represent the gold standard and data under evaluation, respectively (cf. table 1).
According to Hogan and Wagner, validity can be assessed by A/(A+C) and A/(A+B)
[11]. The rate of recorded elements confirmed by the gold standard - A/(A+B) - is
denoted as precision, correctness, or positive predictive value. The rate of true elements
recorded in the data - A/(A+C) - is denoted as recall, completeness, or sensitivity.
However, as learned from our project and also noted by Logan et al. these definitions are
incomplete [15] and for the data under evaluation, the category “present” should be split
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up into “present correct” and “present incorrect” (cf. table 2) with a different calculation
of the measures for precision and recall. Hence, in the light of the importance of
identifying adverse drug events recorded in routine data with a two-step approach
covering the disease first and the relationship to a drug prescription second, it might be
worthwhile to extend the concept introduced by Logan et al. for data validation studies.

Table 1. 2 by 2 table used for calculating measures of data validity [11].

Gold standard
Present Absent
Data under Present A B A/(A+B)
evaluation Absent C D
A/(A+C)

Table 2. Extended contingency table used for calculating measures of data validity [15].

Gold standard
Present Absent
Data under Present correct Al Bl
evaluation Present incorrect A2 B2 Al/(A1+A2+B2)
Absent C D
(A1+A2)/(A1+A2+C)

4. Conclusions

To assess data validity, various gold standards and measures are available. Furthermore,
same terms are applied differently. Therefore, it is quite difficult to compare the level of
data validity between different data sources. One option might be the further
standardization of the reporting of empirical analyses (cf. [16] for a respective quote in
the field of routine data). Another option could be offering a methodology which
provides the best knowledge about data validity and data quality [17]. However, as
consent about such a methodology could not be expected in the foreseeable future, many
more scientific efforts are needed to fully understand the complex issue of data validity.
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