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Most laboratory results are valid for only a certain time period (laboratory tests shelf-life), after which they are
outdated and the test needs to be re-administered. Currently, laboratory test shelf-lives are not centrally
available anywhere but the implicit knowledge of doctors. In this work we propose an automated method to
learn laboratory test-specific shelf-life by identifying prevalent laboratory test order patterns in electronic health

records. The resulting shelf-lives performed well in the evaluation of internal validity, clinical interpretability,

and external validity.

1. Introduction

A common question to arise in clinical practice is when is it time to re-
order a laboratory test? This question points to the time for which a test
result remains valid for. We refer to this duration as the laboratory test
shelf-life. Ideally, a laboratory test will be re-ordered when the previous
result is considered to be no longer valid. The shelf-life of a laboratory
test result changes by the clinical purpose the laboratory test is ordered
for. For instance, when classifying acute renal failure, levels of creati-
nine is advised to be tested at specific time intervals. For suspicion of
risk, injury, or renal failure the test would be re-ordered after 6 hours,
12 hours, and 24 hours (respectively) and thus have a shelf-life of less
than one day [1]. When monitoring for persistent acute renal failure or
loss of kidney function creatinine values remain valid for longer, war-
ranting less frequent re-testing of 4 weeks and 3 months [1]. Thus,
creatinine is an example of a laboratory test that is likely to have
multiple shelf-lives, depending on the clinical context of the order.
Other laboratory tests, used for primarily one clinical purpose will have
a single shelf-life.

Knowing when to retest laboratory tests is often based on implicit
knowledge of the physician but is rarely explicitly stated anywhere.
While some laboratory test order recommendations are scattered across
different manually curated guidelines, evidence based recommenda-
tions are often not readily available or adhered to [2]. If data driven
laboratory test shelf-lives were available in a centralized and compu-
table form they could be leveraged for various applications like decision
support tools and for identifying general clinical practice patterns,
change in practice, and misuse. For example, laboratory results avail-
able in the patient record could have an indicator pointing to whether
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according to the laboratory test shelf-life the result is still valid or not.
This may reduce over-ordering of laboratory tests and can reinforce the
clinician’s reliance on available results, which is important for everyday
practice. Overordering of laboratory test, while previous results are still
valid, can have multiple negative effects including increased costs [3],
causing unnecessary discomfort to patients [4], and an increased
chance of false-positive results [5].

Laboratory test shelf-life information could also be used to inform
other computational tasks using laboratory test data. For instance in the
case of predictive modeling, laboratory test shelf-lives can be used to
determine the informational utility of any test results observed in the
data based on the last time it was tested. A certain laboratory test result
from 9 months ago may not carry the same meaning or significance of a
result from 2 months ago. However, one cannot just assume that the
more recent the result is the better. It has been shown that in the case of
blood glucose the most recent measurement is not the best predictor for
the current blood glucose level [6].

In this paper we investigate a new data driven approach to auto-
matically learn test-specific shelf-lives using the test-order patterns in
the electronic health record (EHR) data of large number of patients
from a single institutions. In effect, we aim to leverage the collective
practice of many clinicians regarding the effective shelf-life of a la-
boratory test hidden in laboratory test order patterns. In this work we
hypothesize that (i) time gaps between consecutive laboratory test or-
ders in patient EHR data point to laboratory test shelf-lives and that (ii)
anomaly detection method can be used to identify gap lengths that
point to laboratory test shelf-lives. We test these hypotheses by im-
plementing our proposed method on EHR data from New York-
Presbyterian Hospital (NYPH) and evaluate our findings using three
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evaluation tasks. First, we evaluate the method’s ability to identify
common time gap lengths between laboratory test orders in the data,
we then assess the clinical interpretability of the identified gap lengths,
and finally we test the utility of the learned gaps in identifying phe-
notypes using EHR data.

Laboratory order patterns in EHR data have been analyzed before
for various applications. The occurrence of laboratory test orders have
been used to identify phenotypes using unsupervised probabilistic
mixed membership model [7]. Occurrences of laboratory test orders
have also been used to learn automated clinical order sets using Latent
Dirichlet allocation (LDA) topic modeling as an unsupervised method to
generate a clinical care recommendation system [8,9]. Time between
consecutive laboratory test orders for the same patient have been ag-
gregated over many patients and used to identify adherence to ordering
guidelines and emerging new practices [3]. Common time lapses be-
tween repeated laboratory test orders for patients have been shown to
point to the context in which laboratory tests were ordered [10]. La-
boratory-context was found to help differentiate between diseases in
ways laboratory test value alone could not [10]. Other works have le-
veraged data driven methods to identify normal laboratory test values
[11] and informational needs of EHR users [12].

2. Materials and methods
2.1. Overview of approach

In this work we set out to learn laboratory test shelf-lives by iden-
tifying laboratory test order patterns in the longitudinal EHR data of
many patients. This was done by calculating the time gap between
consecutive laboratory orders for each patient and laboratory type. The
appearance of each time gap length between laboratory orders of the
same type (e.g. blood glucose test) was then counted over all patients to
generate counts per laboratory test type at each gap length. As seen in
Fig. 1, when the counts of time gaps between consecutive orders are
aggregated over many patients they exhibit peaks at certain gap
lengths. The count peaks highlighted with dotted lines at 1, 90, and
120 days seem to signal important time-to-repeat of this laboratory test,
potentially its shelf-lives. Hence we sought a computational and data-
driven method to identify the gap lengths for which there were sig-
nificant peaks in the laboratory-gap counts. Since different laboratory
tests measure different physiological markers, their shelf-lives are
bound to differ. Thus we choose to analyze each laboratory test sepa-
rately. To make identified peaks robust and clinically relevant we were
interested in identifying laboratory test gaps equal or less than 365 days
which were exhibited in the records of enough patients. As few la-
boratory test results are likely to have a shelf-life length longer than
1 year long.
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2.2. Gap-length detection

A naive way of identifying peaks or jumps in the laboratory test gap
length counts would be to set a rule-based threshold. However, one
issue with this approach is that some laboratory tests are more common
than others, and thus different laboratory tests may require different
thresholds. Furthermore, laboratory tests that have multiple clinical
purposes may have more than one shelf-life, making it hard to set one
appropriate threshold. These challenges motivated us to investigate
methods used in time series analysis, where a common computational
task is to identify significant time points or ‘events’ in the data. To
equate each laboratory-gap count data to a time series, gap lengths are
treated as the time scale and the counts at each gap length treated as the
observed random variable.

Methods commonly used to identify events in time series data in-
clude change point analysis and anomaly detection. In the context of
EHR data, change point analysis has been used to detect subtle changes
in emergency department admissions due to influenza-like illness [13]
as well as to study the effect of an intervention on wrong-patient orders
[14]. While change point analysis does aim to identify when changes
have occurred in an observed series, it often assumes that the change is
sustained after the change point [15]. This was not necessarily the case
in the laboratory test gap-count data. By contrast, peaks in the la-
boratory test gap-count data seemed to more closely resemble the
characteristics of anomalies in the data. Anomalies, also referred to as
outliers, are often characterized as patterns in the data that do not
conform to the norm [16]. That is the way the peaks in the gap counts
look like, unusually high values. In the context of our study the peaks
represent the exact opposite, which is frequent test order gaps. In
clinical domain, anomaly detection analysis has been used for many
applications including to detect unusual hospitalization patterns [17],
early detection of acute infection [18], and identification of Clinical
Decision Support malfunctions [19]. Other applications for anomaly
detection, not restricted to time-series analysis, have included cyber-
attack detection, fraud detection, industrial damages detection, image
processing, textual anomaly detection, and sensor networks [16].

2.2.1. Anomaly detection

The anomaly detection method was implemented on a single type of
laboratory test at a time. The general objective of anomaly detection
methods is to identify unusual values in the data. In our application, the
method is meant to identify frequently occurring times between the
same laboratory test type, referred to as gap lengths. The gap length of
an identified anomaly may signal a shelf-life of the respective labora-
tory test. One important aspect of the data that needed to be captured
by the anomaly detection method was that gap length counts could be
characterized as anomalies relative to their adjacent gap lengths but not
relative to all counts. For instance for some laboratory tests, counts of
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