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Abstract

Background There is great variation in choices of method
and specific analytical details in epidemiological studies,
resulting in widely varying results even when studying the
same drug and outcome in the same database. Not only
does this variation undermine the credibility of the research
but it limits our ability to improve the methods.

Methods In order to evaluate the performance of methods
and analysis choices we used standard references and a
literature review to identify 164 positive controls (drug—
outcome pairs believed to represent true adverse drug
reactions), and 234 negative controls (drug—outcome pairs
for which we have confidence there is no direct causal
relationship). We tested 3,748 unique analyses (methods in
combination with specific analysis choices) that represent
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database. GE is an electronic health record database while the other
four databases contain administrative claims data.
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the full range of approaches to adjusting for confounding in
five large observational datasets on these controls. We also
evaluated the impact of increasingly specific outcome
definitions, and performed a replication study in six addi-
tional datasets. We characterized the performance of each
method using the area under the receiver operator curve
(AUC), bias, and coverage probability. In addition, we
developed simulated datasets that closely matched the
characteristics of the observational datasets into which we
inserted data consistent with known drug—outcome rela-
tionships in order to measure the accuracy of estimates
generated by the analyses.

Discussion We expect the results of this systematic,
empirical evaluation of the performance of these analyses
across a moderate range of outcomes and databases to provide
important insights into the methods used in epidemiological
studies and to increase the consistency with which methods
are applied, thereby increasing the confidence in results and
our ability to systematically improve our approaches.

1 Introduction

We do not often take the opportunity to study the “science
of science”: the methods and approaches that we use to
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advance our understanding. Much of the thinking in this
domain has been carried out by philosophers rather than
traditional scientists. Karl Popper, for example, wrote “....
I knew, of course, the most widely accepted answer to my
problem: that science is distinguished from pseudo-sci-
ence—or from ‘metaphysics’—by its empirical method,
which is essentially inductive, proceeding from observation
or experiment” [1]. Essentially every scientist would agree
with Popper’s assertion and relies on data derived from
observation or experiment to test their theories. Less
common though, is for scientists to consider the next step
which Popper described as “... distinguishing between a
genuinely empirical method and a non-empirical or even a
pseudo-empirical method—that is to say, a method which,
although it appeals to observation and experiment, never-
theless does not come up to scientific standards. The latter
method may be exemplified by astrology, with its stupen-
dous mass of empirical evidence based on observation—on
horoscopes and on biographies* [1]. In the authors’ opin-
ion, our current approach to observational research is not
empirically based.

Popper formulated the notion of “problem of demarca-
tion” to distinguish between scientific and pseudo-scien-
tific theories and coined the term “falsifiability” to
describe the test he developed to distinguish between sci-
entific and pseudo-scientific theories. He defined falsifi-
ability as the demonstration that a statement is false by
finding a counterexample (an observation of the physical
world that is incompatible with the statement). “The cri-
terion of falsifiability is a solution to this problem of
demarcation, for it says that statements or systems of
statements, in order to be ranked as scientific, must be
capable of conflicting with possible, or conceivable,
observations.” These observations should apply equally to
the science of performing observational studies.

2 Epidemiological Studies Using Observational Data

Epidemiological studies using observational data have
become an important tool in many areas including phar-
macoepidemiology. A large proportion of assertions in the
fields of medicine and public health (in addition to the
fields of environment, climate change and psychology) are
derived from observational studies: nearly 80,000 obser-
vational studies were published in the decade 1990-2000
and 263,557 in the following decade 2001-2011 [2]. In an
observational study, researchers observe what happened
during the course of events without intervening; they
analyze the data and draw conclusions. Observational
studies, when well designed, often yield effect estimates
comparable to those of randomized controlled trials (RCT)
[3-9]. However, observational studies have proven difficult
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to replicate. The percentage of observational studies whose
results are not reproduced is estimated to range from 20 %
[10] to 10 % [2]. Our limited ability to replicate these
studies is worrisome and limits our confidence in their
results. For example, in the late 1980s and early 1990s,
observational studies relatively consistently suggested that
hormone-replacement therapy (HRT) protected postmeno-
pausal women against heart disease [11, 12] though there
were some negative effects identified as well [13]. How-
ever, a large randomized clinical trial demonstrated
increased risk of cardiovascular disease in incident users of
HRT compared with nonusers [14]. Subsequent analysis of
the observational studies focusing on incident HRT users
did not find a reduction in risk of cardiovascular disease
[15, 16].

More recently, separate studies of bisphosphonates and
the risk of esophageal cancer using the same United King-
dom patient database came to different conclusions. One
found no increase in patients’ cancer risk while the second
found a doubling of risk for developing cancer [17, 18].
Another example is two studies on risk of fracture associated
with statins, both published in JAMA. The first study [19]
found a statistically significant decreased risk, whereas the
second study [20] found no effect. A later re-examination of
the two studies attributed these differences to different
methodological choices made by the researchers [21].
Ioannidis and Ioanna, in an analysis of published observa-
tional studies of 10 purported biomarkers for cardiovascular
disease, found that many of the studies were undermined by
publication bias and potential residual confounding and that
they demonstrated little predictive ability despite the posi-
tive conclusions in the publications [22].

We might expect that replicating observational studies
would be easier than physical experiments since the
vagaries of experimental technique and potential for mea-
surement error are less prominent—was the glassware
adequately cleaned? Were the reagents prepared properly?
Were instruments calibrated appropriately? Researchers in
the field expect that “competent” laboratories do these
things competently, but we also assume that the right
things to do are well enough understood that they will be
done routinely. If it turned out that exposing a compound to
daylight rather than artificial light was a significant factor
for example, it might be overlooked for some time. Until
discovered, this factor might lead to variable results among
even competent laboratories. Similarly, small procedural
differences could result in variable results—one lab stores
samples overnight on a refrigerator shelf with a tempera-
ture close to freezing and the other in a refrigerator door
with a temperature several degrees higher which allows an
enzymatic reaction to proceed. As anyone who has
“brought up” a new analytical method can attest, these
seemingly insignificant differences in technique or “tacit
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knowledge” can be difficult to identify. Companies like
Intel® have learned this lesson and go to great lengths to
replicate even seemingly unimportant characteristics of a
semi-conductor fabrication facility such as matching the
length of a drain hose in a functioning facility exactly even
if that length is longer than needed in the new facility. They
have learned that failing to precisely replicate even the
smallest details can result in differences in the process
which are difficult to identify and have large commercial
impact [23, 24].

Laboratory methods and equipment are often tested or
verified using some form of reference standard. These
might be carefully prepared samples from another labora-
tory, a carefully calibrated “reference” instrument or some
other “gold standard”. We use the instrument, following a
clearly specified set of steps to measure the reference
standard and “troubleshoot” the method until we produce
results that match, within the limitations of the method, the
expected results. Then, and only then, do we apply the
measurement to our “unknowns”. In addition, we often
include positive and negative controls in each “run” or set
of unknown samples to provide evidence that we have
executed the method correctly each time.

In observational epidemiological studies, our instru-
ments are statistical analyses using specific observational
datasets and our analytes are specific outcomes (Table 1).
Unfortunately, we rarely have the equivalent of a “refer-
ence standard” in observational studies. One possible gold
standard is to compare the results from observational
studies to evidence from RCTs. However, there are several
limitations to RCTs as the gold standard for observational
studies: there is often only a limited number of RCTs of
any given topic, and their external validity may be limited
[25, 26].

The steps in observational studies are not well defined.
We have come to appreciate that there are a large number
of decisions embedded in the application of each statistical
method so, while reproducibility may be a cherished
attribute of all scientific research, the sheer number of
different choices makes this a difficult goal to achieve [27].
It is far too easy to be misled by spurious results or to have
actually identified the outcome as a result of some misstep
in our methods.

Epidemiological methods have evolved considerably
from when John Snow first employed quantitative
approaches to identifying the source of London’s cholera
outbreak. Researchers have focused considerable energy on
developing methods to account for variance and have
developed theories that guide their approach to accounting
for bias when analyzing observational data. Using simu-
lated data, method developers have demonstrated that,
under the assumption that between/within person con-
founding works the way they modeled it, the method seems

to adjust for it at least to a degree. The field has formulated
theories that explain what epidemiological methods are
most applicable (most likely to provide a good estimate of
relative risk by accounting for both systematic and random
error) in different situations. These theories are taught in
training programs and codified in textbooks and white
papers and are based on thoughtful conceptual consider-
ations of how the world should behave [28-30]. The US
Food and Drug Administration (FDA) and European
Medicines Agency (EMA) endorse basic quality practices
in the way observational pharmacoepidemiological studies
are designed, conducted, and analyzed and communicated
according to the International Society for Pharmacoepi-
demiology’s (ISPE) Guideline on Good Pharmacoepi-
demiology Practices (GPP). Legislation in the European
Union also mandates the use of GPP for post-approval
safety studies, and currently also references the European
Network of Centres for Pharmacoepidemiology and Phar-
macovigilance (ENCePP) Guide on Methodological Stan-
dards in Pharmacoepidemiology.

To date, however, the epidemiological research com-
munity has not fully validated its methods using a gold
standard and do not include a collection of positive and
negative controls in each analysis to provide evidence that
we have carried out all the steps properly. Despite strong
agreement that analyses should be pre-specified and efforts
to require prospective reporting of analyses, retrospective
observational studies analyses in particular are rarely
recorded in clinicaltrials.gov with only 3,223 (July 14,
2013) out of 27,532 observational studies and only 122
(August 15, 2013) in the ENCEPP repository. Notable
examples of observational analyses that are not included in
clinicaltrials.gov are the FDA’s mini-sentinel project
studies.

In addition, the amount of detail in the description of
how the analyses are implemented is quite variable. Even
in the case that we thoughtfully construct an analysis in
advance we depend on a degree of trial and error in actu-
ally conducting the study. We inspect the statistical dis-
tributions of the data and identify “outliers” (data values
that do not seem reasonable for one reason or another) and
which we remove from the analysis. We realize in looking
at the dataset that there may be confounding by indication
and we modify the analysis “appropriately” finding that an
effect now emerges. Or, inspecting marginal totals, we
notice that the effect is marked in the elderly and decide to
perform a sub-group analysis of those patients. We test a
large number of hypotheses and focus on the “interesting”
results. We explore a number of models choosing the one
that fits best. We seem to have an inherently strong capa-
bility to rationalize observations which may not serve our
scientific endeavors well [31]. Epidemiologists are driven
to untangle the strands in detail accounting for each
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variable one by one; they attempt to accomplish what most
RCTs avoid. Ideally, this would not be the case but in
reality it is common—post-hoc explanations and rational-
izations abound in pharmacoepidemiological studies [32].
Anyone who has attempted to replicate their methods,
particularly in a close collaboration with another research
group, knows how challenging recognizing much less
recording these many “small” choices can be and how
controversial making them can become when looking at
different data sets. “Torture the data long enough and they
will confess to anything” is an often quoted maxim and
Young and Karr assert that “Any claim coming from an
observational study is most likely to be wrong” [2]. In
addition, we often apply these methods to datasets that are
selected on the basis of convenience (primarily accessi-
bility) rather than on any rational basis, even though evi-
dence continues to emerge that the result in highly
dependent on the dataset chosen in addition to the method
applied [33].

Kuhn [34] asserts that when “... an existing paradigm
has ceased to function adequately in the exploration of an
aspect of nature to which that paradigm itself had previ-
ously led the way” the need for a paradigm shift “could be
discovered only through something’s first going wrong
with normal research.” During what Kuhn termed a “per-
10od of normal science”, the failure of a result to conform to
the paradigm isn’t viewed as refuting the paradigm but
rather attributed to an error by way of Popper’s falsifi-
ability criterion. As more inconsistent results accumulate,
the field reaches a crisis and a new paradigm is estab-
lished—a stage Kuhn referred to as “revolutionary sci-
ence”. In our view, the difficulties in replicating
observational epidemiological studies has risen to the level
of “something going wrong” and requires a new paradigm.

Regulatory agencies have recommended cautious and
thoughtful analysis. Researchers in the field, including
Suissa, suggested that qualified and experienced individu-
als should be designing and analyzing observational studies
of drug safety [35]. We believe that relying on expertise is
a weak strategy for improving our ability to replicate
studies. Given the poor track record of observational
studies as detailed above, we have little faith that an expert
can a priori fully understand and appreciate the complex-
ities inherent in observational data and specify an analysis
that is guaranteed to produce unbiased and reliable esti-
mates, without empirically testing afterwards whether this
goal was obtained.

3 Evidence Based Epidemiology

We believe that the path forward lies not in more
thoughtful and careful analysis design, but rather in
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augmenting current practice by applying a rigorous sys-
tematic approach in which we evaluate and improve the
performance of analyses and the datasets as if they, toge-
ther, constitute a process or instrument for making a
measurement. Only by systematically measuring and
comparing the performance of well characterized processes
can we hope to improve our ability to measure the strength
of association between drug exposure and outcome, and to
distinguish between positive and negative effects. If the
process is thoughtful and careful, but ad hoc, it is impos-
sible to compare its application across different problems
and therefore cannot be improved. As Popper has pointed
out, a methodological approach that is not empirically
based is pseudo-science (for example, assuming that the ad
hoc process must work because it was carried out carefully
and thoughtfully instead of empirically validating the
process).

In order for a statement to be ranked as scientific, it must
be possible to make an observation that conflicts with the
statement. It is not possible to falsify (to make an obser-
vation that conflicts with an approach) if the approach is
not empirically based since an additional “customization or
modification” can always be applied that “resolves” the
conflict [35]. As an illustration, if the principles and gen-
eric process by which a comparison drug should be
selected cannot be clearly and explicitly stated, then any
conflicting observation that might falsify the statement can
be “explained” by post-hoc modification of the process for
selecting a comparison drug. Prasad and Jena recently
proposed a step in this direction based on routinely
choosing pre-specified falsification endpoints which serves
as negative controls in observational studies as has some-
times been done on an ad-hoc basis in the past [36].
Because not every negative control will have confounding
and bias that is similar to the association of interest, we
recommend using a large number of negative controls.
These controls can then be viewed as a sample of the
confounding and bias that exists in the database, and can
even be used to estimate an empirical null distribution and
calibrated p value [37].

3.1 Previous Research Within OMOP

In order to investigate the hypothesis that “rigorously
applied, systematic processes for assessing drug—outcome
associations can be constructed and compared”, the
Observational Medical Outcomes Partnership (OMOP)
undertook an evaluation of 2,067 analyses adapted for
longitudinal data to evaluate drug safety in 10 observa-
tional data sources to measure the ability of the each of the
methods to discriminate between 9 positive controls and 44
negative controls [38]. In these experiments, we found that
no specific analysis demonstrated superior performance
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and that at traditional levels of statistical significance (RR
>1, p < 0.05), all methods have a false positive rate

>18 %, with positive predictive value <38 %. We con-
cluded that systematic processes for risk identification can
be carried out and provide useful information to supple-
ment an overall safety assessment but that assessment of
analysis performance suggests a substantial chance of
identifying false positive associations. Perhaps most
importantly, these findings suggested a path forward
through which assessments of drug—outcome associations
can be compared and improved based on empiric findings.

3.2 Current Experiments

We employed a variety of approaches to further explore the
appropriate use of observational data for evaluating and
identifying drug safety issues. First, in order to evaluate
current practice amongst the research community, we
performed a survey of the variation in analysis choices
made by epidemiologists, the Epidemiology Design Deci-
sion Inventory and Evaluation (EDDIE) Survey. This sur-
vey shows experts often do not agree on what the
appropriate methodology is the research a particular drug—
outcome pair, underlining the need for this research [27].

Based on the initial study, we carried out additional
experiments in order to gain insight into these findings,
overcome limitations including the relatively small number
of test cases, to provide empiric evidence on which to base
selection of optimal methods for identifying drug—outcome
associations and to provide data which will support inter-
pretation of those findings. We followed an approach
analogous to the initial experiments in which we system-
atically applied the same analyses to a number of obser-
vational datasets similarly structured in a common data
model and compared performance using a set of controls
which included both positive and negative controls—
positive controls being drug outcome pairs for which there
is consistent evidence of a causal relationship and negative
controls being drug outcome pairs for which there is
essentially no evidence of a direct causal relationship. We
also performed experiments in which we inserted drug—
outcome associations into simulated data, allowing us to
explore the accuracy of odds ratio and relative risk esti-
mates resulting from application of the methods.

First, we expanded the methods and improved the code
that implemented the methods against the common data
model (CDM) created in the course of the earlier set of
experiments. The CDM and its associated terminologies
form a foundation for systematically applying analytical
methods across multiple data sources and can support drug
safety and comparative effectiveness research [39, 40]. In
addition to modifications which improved performance, we
further parameterized the method implementations which
improved maintainability, reduces complexity, and
improved implementation consistency. The OMOP team
created a suite of statistical methods (http://omop.org/
MethodsLibrary) that encompasses the majority of analyt-
ical methods that have been employed or proposed for
detection of associations between medications and clinical
outcomes. We then implemented and systematically eval-
uated each of the seven methods: the new user cohort
method [41], the case-control method [42], self-controlled
case series [43], self-controlled cohort method [44], lon-
gitudinal gamma Poisson shrinker [45], temporal pattern
discovery [46], and a collection of disproportionality
methods [47] used in spontaneous report data. Importantly,
all methods operate directly on data represented in the
CDM, eliminating the need to modify methods to operate
on different databases which is also a critical aspect of
reproducibility. We have validated these methods through
code reviews, by comparing the results obtained using
these methods with those obtained in published studies and
by comparing the results obtained to known signals injec-
ted in simulated data.

All analyses start with access to the entire observational
database as input, and use values assigned for the relevant
analysis choices to produce an output file that contains an
effect estimate (e.g. relative risk) for each drug—outcome
combination. All analyses are entirely algorithmic and do
not require any decisions to be made by the researcher
thereby minimizing variation and explicitly defining ana-
lysis process.

Second, we utilized a selection of the observational
datasets that were employed in the initial set of experi-
ments. We chose this subset based on our observations
from our first series of experiments and from work done in
the Exploring and Understanding Adverse Drug Reactions
(EU-ADR) project [48] that databases with insufficient

Table 1 A consistent set of

o o Concept
concept definitions to facilitate P

Concept definition

discussion of studies of
statistical methods such as those
conducted by OMOP

Method

Analysis choices

We use the term method to refer to the overall method or study design (e.g. Self-
Controlled Case series, Case Control, or Longitudinal Gamma Poisson Shrinker)

We employ the term analysis choices to indicate additional, more detailed choices

needed to fully specify a method, like risk window length and number of controls

Analysis

The term analysis is used to refer to a fully specified analysis, meaning a combination

of a method with a set of specific analysis choices
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sample size for most drug—outcome pairs impair interpre-
tation. This restriction severely limited the number of
datasets that we could include in our analysis. We char-
acterized all of these datasets (Table 2) in detail as part of
the first set of experiments and the results are available on
the OMOP web site. We describe a data quality framework
that we used to monitor the integrity of data throughout the
OMOP [49].

Third, we develop and tested multiple alternative defi-
nitions for four outcomes of interest to allow us to study the
accuracy of the outcome definition and the impact on the
performance of analytical methods [50]. In order to better
understand the behavior of analytic methods, we examined
how performance changes when different definitions of the
outcomes are used [51]. We also investigated how perfor-
mance depends on sample size, and for which drug—out-
come pairs the sample size is sufficient in the databases
used in our studies [52].

Fourth, we created a relatively large series of positive
and negative controls for four health outcomes of interest
(HOIs): acute kidney injury, acute liver injury, acute
myocardial infarction, and upper gastrointestinal (GI)
bleeding (definitions are described in [50] and are available
at http://omop.org/HOI). These HOIs represent four of the
most significant drug safety outcomes considered for a risk
identification system [53]. For each of these outcomes,
drugs were classified as positive or negative controls based
on the criteria in Table 3 [54], which were chosen to, to the
extent possible, include only drug—outcome pairs in which
we could be highly confident were or were not associated.

Table 4 summarizes the number of test cases studied in
the experiments. In our main results, we eliminated drug—
outcome pairs for which the prevalence is too low in a
particular database to provide adequate power.

We are not trying to determine whether the drugs and
outcomes in the positive or negative controls are associated
but, rather, are using these well documented associations or
lack of associations as the “gold standard” against which
to compare the method’s performance. An ideal method
would always identify an association between the drugs
and outcomes in the positive control set and would never
identity an association between the drugs and outcomes in
the negative control set. When a method fails to identify a
positive control pair as associated, the sensitivity is less
than perfect and when it inappropriately identifies one of
the negative control pair as being associated, the specificity
is less than perfect.

We use the set of positive and negative controls to
measure the performance of different methods by com-
paring the “gold standard” status of each drug—outcome
pair with the estimated effects generated by the method
when applied to the drug—outcome pair within a given
observational database. We applied multiple types of

complaints, signs and

Records: 1,121.1 m

LOINC for laboratory values,
SNOMED for chief
symptoms

Observations

CPT from procedure list

Procedures

Records: 66.1 m Records: 110.6 m
problem list

Conditions
ICD9 from

prescriptions written

Records: 182.6 m
GPI from medication
history and

Drugs

224 m
19962008

Patient-years:

time

112 m
[58]: 39.6
(22.0)

Population Observation
% male:
42 %

Total :
Mean age

Office (an ambulatory

pooled by providers
using GE Centricity
electronic health
record) into a data
warehouse in a
HIPAA-compliant

Derived from data
manner

Description
HCPCS Healthcare Common Procedure Coding System, CPT Current Procedural Terminology, /CD International Classification of Diseases, SNOMED Systematized Nomenclature Of

Medicine Clinical Terms

HIPAA Health Insurance Portability and Accountability Act of 1996, LOINC Logical Observation Identifiers Names and Codes, NDC National Drug Code, GPI Generic Product Identifier,

Table 2 continued
Name (Abbreviation)
GE Centricity (GE)
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Table 3 Criteria applied for
selection of positive and

Positive Negative

. controls controls
negative controls for the four
HOIs Event listed in Boxed Warning or Warnings and Precautions section of the FDA True False
Structured Product Label

Drug listed as ‘causative agent’ in Tisdale et al. [58] True False
Literature review identified no powered studies with refuting evidence of effect True False

Tal?lg 4 A summary of the Positive controls Negative controls Total

positive and negative controls

used n the s§cond .set of Acute liver injury 81 37 118

experiments including T .

breakdowns by outcomes Acute myocardial infarction 36 66 102
Acute renal failure 24 64 88
Upper gastrointestinal bleeding 24 67 91
Total 165 234 399

measurements in this evaluation, including area under the
receiver operating characteristic curve (AUC), mean
squared error, bias, and coverage probability (the proba-
bility that the 95 % confidence interval contains the true
effect size). We explored the performance of methods
across different databases, and within specific sub-groups
of the test cases to determine if method behavior varied in
different circumstances.

In order to test the reproducibility of our findings, the
experiment was replicated in a collection of 6 European
electronic health record databases in the EU-ADR network
[55]. Finally, in order to measure the precision of estimates
obtained from applying these methods we constructed
several large simulated observational databases into which
drug-HOI pairs with known levels of relative risk were
inserted [56].

There are two major limitations of this approach. First,
some of the positive and negative controls could, despite
our rigorous approach, be misclassified. Even if some of
the controls are misclassified as long as it is a modest
percentage and there isn’t a strong bias in the misclassifi-
cation the limitation is not severe particularly when the
comparisons between methods are made using the same
positive and negative controls. Second, while the use of
receiver operator characteristics is a well-established signal
detection method that allows quantitative comparisons of
method performance for distinguishing positive and nega-
tive controls it does not provide any assessment of the
methods’ ability to correctly assess the strength of associ-
ation. We believe that, while it is an incomplete assessment
of method performance, differentiating positive from neg-
ative associations is the critical first step and that assessing
the strength of association can be approached with more
confidence given a high level of certainty that an associa-
tion exists. We explored a variety of alternative measures
including other dichotomous measures including

A\ Adis

sensitivity, specificity, false positive rate, positive predic-
tive value, and negative predictive value and continuous
measures such as mean squared error, bias and coverage
probability. We also used Hand’s H-measure instead of
AUC to compare methods, but this did not change our
conclusions [57].

4 Conclusion

Unless the field adopts a consistent approach to analysis in
which the method implementation are standardized, and
the analysis and database combinations are characterized
using positive and negative controls, we will not be able to
fully evaluate the performance of the observational ana-
lysis process. Without such benchmark information about
its empirical performance, we cannot assess whether we are
improving the situation when we introduce methodological
or data innovations. In order to demonstrate the feasibility
of this approach, to develop initial methods for variable
selection and to begin to characterize methods and dat-
abases we undertook a systematic analysis of all drugs
either associated or certainly not associated with four
outcomes. The papers in this supplement report the major
findings from our effort to systematically apply a broad
range of epidemiological methods employing a range of
analytical options to a series of datasets commonly
employed for observational epidemiological analyses along
with associated explorations.
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