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Introduction

As health services become increasingly digitalized, the
volume of clinical data being collected has reached
immense proportions globally. However, much of this
information has been primarily documented for pur-
poses other than research, and is accessible only through
secondary sources, such as administrative, quality assur-
ance, or national audit databases. Although such data
sources frequently provide scientists with access to infor-
mation about many thousands of subjects and thus may
offer unprecedented opportunities for research, they can
present significant challenges when it comes to validity,
granularity, and reproducibility of data. Thus, what may
first seem like a treasure trove may prove to come at sig-
nificant costs.

Randomization is not the only road to causal
inference

Although randomized controlled trials (RCT) are still
considered superior in the general hierarchy of study
designs, randomized interventions may sometimes be
simply unfeasible. Furthermore, RCTs frequently have
yielded inconclusive or conflicting results when per-
formed in ICU settings [1]. Most likely this is related
to the large heterogeneity and complexity of disease
processes that are intrinsic to critically ill patients [2].
Observational studies exploiting existing data may offer a
worthy alternative in this respect.
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Comparative evaluations of observational studies and
RCTs assessing the same interventions have reported
inconsistent results, with some meta-analyses yield-
ing only small, yet others very substantial differences in
effect estimates [3, 4]. However, the fact that the small-
est discrepancies occurred in observational studies that
were estimated to have lower risk of bias indicates that
such deviations can be prevented (at least in part) by
using adequate methodology. Thus, the value of well-
designed observational studies employing correct ana-
lytical techniques and high-quality data should not be
underestimated. This holds particularly true for research
questions evaluating existing medical practices that are
(almost) universally accepted, for uncovering adverse
effects of treatment, and in situations of rare disease.
Database studies may generate new hypotheses, and
help justify interventional trials regarding issues where
no formal assessment yet exists. The observational study
by Connors et al. [5], questioning the use of pulmonary
artery catheterization in the management of critically
ill patients, is a classic example of a study that revealed
unexpected results using existing data, and consequently
led to critical reappraisal of a common practice (even
though suggested harm was not confirmed by experi-
mental studies) [6]. Observational studies using adminis-
trative data can also offer insights in situations where an
intervention simply cannot be randomly allocated in any
practical way, e.g., in studying the (potentially harmful)
effects of premature discharge at night [7].

Quality before quantity

Despite the potential utility of observational research,
confounding by indication and information bias
pose well-known challenges in observational stud-
ies in general, and in administrative database research
in particular. As decision-making in the ICU is fre-
quently based on imprecise (or even subjective) clinical
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criteria—which are typically not well captured by the
data—factors related to the exposure and/or outcome
may remain unobserved. Furthermore, the information
contained in large administrative databases often lacks
the temporal resolution necessary to adequately model
time-dependent exposures, adjust for immortal time
biases, and account for competing events. Databases
may also contain (non-random) missing data. Together,
this renders database research susceptible to spurious
findings. In this respect it is important to note that, as
sample size grows, so does a study’s capacity to attain a
statistically significant result, regardless of whether the
observed associations are true or not [8]. Robust statis-
tical methodologies and a good deal of common sense
are therefore required during analysis.

Another potential pitfall when using administrative
databases for research relates to (hidden) incentives for
information capture, as secular trends in coding crite-
ria and reimbursement policies for hospital claims can
have a significant impact on data registration. This is
nicely illustrated by a study analyzing hospital claims
data over a 7-year period [9]. Following revised Inter-
national Classification of Diseases, Ninth Revision,
Clinical Modification (ICD-9) coding instructions and
a new reimbursement scheme by the Centers for Medi-
care and Medicaid Services (CMS) in 2003, US hospi-
talization rates for patients with a principal diagnosis of
pneumonia seemingly decreased, whereas sepsis diag-
noses nearly tripled. A similar effect was seen after
CMS reimbursement for sepsis care became coupled to
severity of illness in 2007 [10]. However, when claims-
based methods were compared to more precise criteria,
true sepsis incidence actually appeared to remain stable
[11].

Even when data capture is relatively complete and con-
sistent over time, not all databases are created equal. The
quality and suitability of any data source therefore need
to be appraised considering the context of the specific
research question at hand. To aid investigators in this
process, the Directory of Clinical Databases (DoCDat)
Development Group has developed a framework for
assessing database quality across two methodological
dimensions—coverage and accuracy (Fig. 1) [12]. Cov-
erage refers to (1) the extent to which all eligible study
subjects have been included, as well as (2) the repre-
sentativeness, completeness, and scope of collected data.
Accuracy is determined by (1) the form and extent in
which (quantitative) data is collected, coded, and subse-
quently validated, (2) the independence of observations
in relation to study outcomes, and (3) the use of explicit
variable definitions and rules for data collection. In addi-
tion to informing rational selection of potential databases
for research, a systematic appraisal of data sources using

Fig. 1 Directory of Clinical Databases (DoCDat) quality assessment
Criteria

standardized methodology can help identify and address
points of qualitative concern and improve study validity.

Future perspectives and final thoughts

While explicit reporting and even prior publication
of study protocols and statistical analysis plans have
become standard practice when performing clinical tri-
als, (administrative) database research has generally
remained exempt from such requirements. However,
even though observational studies still remain suscepti-
ble to p-hacking and fishing expeditions, standard oper-
ating procedures, improved reporting of data collection
methods, and the use of more precise variable definitions
could help remedy some of the issues related to adminis-
trative database research [13].

In addition, defining exposures and outcomes based on
clinical data contained in electronic health records has
shown higher sensitivity and better consistency than is
possible on the basis of ICD-9 and similar diagnostic or
procedural codes contained in administrative databases
[11, 14]. Thus, the quality of database research could
possibly be improved by the introduction of (semi)auto-
mated data surveillance algorithms utilizing raw clinical
information for robust capture and parameterization of
study variables. In the ICU, where bedside observations
and health records have already become largely digi-
tized, smart data mining seems an increasingly feasible
endeavor.

As data capture becomes more advanced, so will study
designs and methods for data analysis. An interesting
future prospect that is both linked to the domains of
machine-learning and Bayesian statistics is the fusion of
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an interventional and observational study design into a
single randomized, embedded, multifactorial, adaptive
platform (REMAP) trial. By implementing response-
adaptive randomization based on data that are routinely
collected in the electronic health record, REMAP trials
can identify best-performing treatment regimens while
providing continuous quality improvement for patients
[15].

In conclusion, large administrative databases offer
excellent opportunities for observational research.
Besides their indisputable value for diagnostic, prognos-
tic, and descriptive research, administrative databases
containing large patient samples and data collected over
prolonged periods of time can also be used to investigate
specific etiological hypotheses. However, when working
with administrative databases, transparent reporting,
rigorous assessment of data quality, thoughtful statisti-
cal analysis, and critical questioning of why and how data
were collected all remain essential.
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