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ABSTRACT

Objective To demonstrate that a large, heterogeneous
clinical database can reveal fine temporal patterns in
clinical associations; to illustrate several types of
associations; and to ascertain the value of exploiting
time.

Materials and methods Lagged linear correlation was
calculated between seven clinical laboratory values and
30 clinical concepts extracted from resident signout
notes from a 22-year, 3-million-patient database of
electronic health records. Time points were interpolated,
and patients were normalized to reduce inter-patient
effects.

Results The method revealed several types of
associations with detailed temporal patterns. Definitional
associations included low blood potassium preceding
‘hypokalemia.” Low potassium preceding the drug
spironolactone with high potassium following
spironolactone exemplified intentional and physiologic
associations, respectively. Counterintuitive results such
as the fact that diseases appeared to follow their effects
may be due to the workflow of healthcare, in which
clinical findings precede the clinician’s diagnosis of

a disease even though the disease actually preceded the
findings. Fully exploiting time by interpolating time points
produced less noisy results.

Discussion Electronic health records are not direct
reflections of the patient state, but rather reflections of
the healthcare process and the recording process. With
proper techniques and understanding, and with proper
incorporation of time, interpretable associations can be
derived from a large clinical database.

Conclusion A large, heterogeneous clinical database
can reveal clinical associations, time is an important
feature, and care must be taken to interpret the results.

INTRODUCTION
With the national push for the adoption of elec-
tronic health records,' health record data are
becoming increasingly available and have the
potential to facilitate clinical research.? Electronic
health records come with their own challenges,
however. The data do not simply represent patient
physiology but also represent clinical processes and
workflow, implying that there may be several types
of associations and causes. There may be a physio-
logic basis for a change, or a change may occur
because a human being—based on seeing a clinical
picture—decided to take an action. For example,
a clinical finding may prompt a physician to
order a drug, which should then correct the
finding. Teasing out these distinctions can benefit
from not just the presence but also the timing of
relationships.

Several different methods have been developed to
uncover temporal properties and relationships
among clinical variables, including temporal

J Am Med Inform Assoc 2011;18:1109—i115. doi:10.1136/amiajnl-2011-000463

16 17-24

abstraction,® !¢ causal inference, and numeric
time series analysis.?> % Nevertheless, many recent
large-scale studies of electronic health record data
do not exploit time in any detail.?? 3% A relatively
simple method, which we use in this study, is to
measure linear correlation between co-occurrences
of pairs of variables, lagging one variable with
respect to the other to assess the change in corre-
lation as variables are shifted in time.”> Such
a method may require a fairly large database to
estimate correlation, but it can be applied to
many problems in a generic way, and, because it
does not rely on previous domain or temporal
knowledge, it may reveal unexpected types of
temporal relationships.

A second challenge with using electronic
health record data instead of a research-specific
study cohort is that the electronic health record
patients—whose appearance in the database is
unpredictable—tend to be heterogeneous, poten-
tially increasing the variance of measured parame-
ters and increasing opportunities for bias. One
approach that may ameliorate this effect is to
reduce inter-patient effects so that patients serve as
their own controls. In the case of linear correlation,
the effects can be reduced by normalizing each
patient’s data (eg, to standard mean and variance).

In this paper, we study the timing of clinical
associations to address three goals: (1) to demon-
strate that a large, heterogeneous database can
reveal fine temporal patterns in associations; (2) to
illustrate several types of associations; and (38) to
ascertain the value of exploiting time. We attempt
to classify the resulting associations into categories:
definitional, physiologic, and intentional. Defini-
tional associations are those in which a concept
found in the record, such as ‘hyperkalemia,” is
defined as a specific physical finding, such as
elevated potassium. Physiologic associations are
linked by physiologic cause and effect, such as
a response to a drug. Intentional associations are
linked by human decision and action, such as
ordering a drug based on seeing a physical finding.
Before the study, we expected that definitional
associations should be easily detectable but possibly
have poor temporal resolution, and that other
associations might require a more focused sample.
In this paper, we used linear correlation because it is
simple and easily repeated, it is directional, and it
accommodates  continuous  values.  Proving
causality was out of scope for this study.

METHODS

We used New York-Presbyterian Hospital’s clinical
data warehouse, which contains 22 years of elec-
tronic health record data on 3 million patients.
We abstracted seven blood laboratory tests from
the warehouse (sodium, potassium, bicarbonate,
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creatinine, urea nitrogen, glucose, and hemoglobin), and we
abstracted 30 clinical concepts from clinician signout notes.*®
Signout notes are written by clinicians (mostly residents) caring
for inpatients to facilitate the transfer of care for overnight
coverage. They are updated frequently and contain clinically
relevant information. While the notes are primarily inpatient
documentation, the laboratory data span inpatient and ambu-
latory care and the signout notes include chronic ambulatory
diagnoses; therefore, associations that are relevant only to
ambulatory care may still be detected. The concepts included
diseases, symptoms, medications, and procedures. The labora-
tory tests were chosen because they were commonly available.
The concepts were chosen such that they were somewhat
common (among the 250 most common diseases, symptoms, or
procedures in the signout notes, or among the 250 most
common medications in the signout notes) and such that one of
the two physician authors (GH and AP) expected an association
between the concept and one of the seven laboratory tests
(eg, hyperkalemia and potassium) or expected no particularly
strong association (eg, atelectasis or osteomyelitis).

We used case-insensitive pattern matching to extract the
clinical concepts from the notes. Signout notes were collected
and words in the notes were matched to stemmed phrases. No
attempt was made to detect negation or other modifiers. Each
patient had a list of laboratory values and collection times, and
a list of signout note times and an indication whether each of
the 30 concepts appeared or not.

We used lagged linear correlation™ to characterize the asso-
ciations between laboratory values and signout concepts. The
laboratory values were continuous. For each patient, the labo-
ratory values were normalized to a mean of 0 and variance of 1
in order to reduce inter-patient effects. Patients with fewer than
three laboratory values were eliminated from the analysis for
that test. For every time point where there was a concept,
a laboratory value was interpolated as the weighted mean of the
two surrounding measurements (ie, the internal time point was
interpolated linearly), or as the closest measurement if there was
no measurement on one side (figure 1). Concepts were repre-
sented as 0 (concept absent) and 1 (concept present). We
emphasize that while failure to mention a concept does not
necessarily mean that the condition is absent in the patient, we
treated it as absent in this initial study to avoid incorporating
domain knowledge that might create associations as an artifact.
For every time point where there was a laboratory value, the
concept value was interpolated from the surrounding signout
values. Therefore, the concepts took on continuous values
between signout notes. The result was a set of original and
interpolated values for laboratory values and for signout
concepts such that a real or interpolated laboratory value and
a real or interpolated signout concept were paired for every time
point.

138 140
Lab —— ! 136
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H 1
i 1
Concept—¢ . .
Time 3
Figure 1 Temporal interpolation. For a given patient, each measured

point (solid circles on both curves) is mapped to an interpolated point on
the opposite curve. Concepts are mapped to 0 and 1 (absent and
present), and laboratory values are continuous. Interpolation is linear
between points and constant at the ends of the curves.
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We calculated Pearson’s linear correlation over all pairs for all
patients and recorded the result as the 0 day lag for that labo-
ratory—concept pair. We repeated this process 121 times, first
lagging all laboratory values by —60 to 60 days. The result was
a curve from —60 to 60 days with positive and negative corre-
lations. We generated curves for every laboratory—concept pair.
We repeated the entire experiment using mutual information
instead of linear correlation to look for non-linear correlations, at
the expense of losing the direction of the association. For this
data set, the results were similar other than the loss of direction.

The full list of 30 stemmed phrases and the concepts to which
they map are shown in the online data supplement. Common
trade names were used to find medications, and common
abbreviations were used. Associations shown in figures 2—4
were first selected based on the size of the correlation, relative
absence of noise, and characteristic shape of the curve, and
additional curves were added based on expected associations.
A subset was then selected to illustrate data mining concepts.

The experiment was approved by the Institutional Review
Board.

RESULTS

Figure 2 illustrates the results, and the online data supplement
shows the full cohort of seven laboratory tests and 30 concepts.
Definitional associations are shown in figure 2A, where higher
than average potassium precedes mention of hyperkalemia and
lower than average potassium precedes mention of hypokalemia.
This relationship is largely definitional (eg, hyperkalemia means
high potassium), and it occurs because the clinician mentions
the concept after seeing the potassium test results. After the
mention of either concept, the signal falls closer to zero,
presumably because the conditions were subsequently corrected
for many patients. Similar profiles can be seen for hypernatremia
and hyponatremia with sodium (figure 2B), and hyperglycemia
and hypoglycemia with glucose (figure 2C).

Intentional and physiologic associations are also shown in
figure 2A, where mention of the drug spironolactone, which
generally signifies that the drug was given to the patient, is
associated with low potassium beforehand and high potassium
afterward. This is appropriate because clinicians are likely to
order spironolactone, a potassium-sparing diuretic, for patients
with low potassium, and patients are likely to experience a rise
in potassium after the drug is initiated. This example illustrates
human intention, in the case of the ordering of a drug based on
observing physiologic parameters, as well as human physiology,
in the case of potassium rising after the drug is initiated. Error
bands are not shown on the graphs, but to illustrate the vari-
ance, the width of the error band (calculated using bootstrap
resampling on the patient variable) for the potassium—spir-
onolactone association in figure 2A is 0.0044, or almost 10 times
smaller than the size of the effect.

Hypomagnesemia shows a similar profile. Blood magnesium is
measured infrequently, but because it can be a cause of hypo-
kalemia, it is sometimes measured when hypokalemia is found
or when attempts to address hypokalemia have failed. There-
fore, one would expect to find low blood potassium followed by
measurement of magnesium and mention of hypomagnesemia,
followed by magnesium replacement and successful potassium
replacement with a rise in potassium. Figure 2A confirms the
pattern.

Figure 2B shows physiologic effects for blood sodium. Spiro-
nolactone, furosemide, and hydrochlorothiazide have the bulk of
their signals to the right of 0 days with a negative correlation,
implying that they all precede low blood sodium, and, in fact, all
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Figure 2 Correlation of laboratory values and signout note concepts. Four blood laboratory values (graphs A—D) are correlated with clinical concepts
extracted from physician signout notes (respective graph legends). Linear correlation (y axis) is plotted against time lag in days (x axis). Signal to the
left of 0 days implies that changes in the laboratory value preceded changes in the concept, and signal to the right implies that changes in the

laboratory value followed changes in the concept. Correlation greater than zero implies that a higher laboratory value was associated with presence of

the concept. See text for interpretations.

three drugs are known causes of hyponatremia.® ** In figure 2C,
metformin, an oral drug used to treat diabetes mellitus, is
associated with high glucose beforehand and low glucose after-
ward. Insulin shows more markedly high glucose beforehand,
but it does not drop below zero afterward. Metformin is used
chronically, whereas insulin is used both chronically and in acute
episodes. During acute episodes, while insulin will lower the
glucose, it will usually remain higher than average for the
patient.

The timing of treatment causes differs from the timing of disease
causes. Pancreatitis can precipitate hyperglycemia, implying that
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the high blood glucose should follow the concept pancreatitis in
figure 2C. The workflow of healthcare flips the relationship,
however. High blood glucose may be uncovered during a diag-
nostic workup, then pancreatitis is diagnosed (and mentioned),
and then the glucose is corrected. High blood glucose therefore
appears to precede its cause, pancreatitis. Figure 2C confirms this
latter pattern. This illustrates the differing temporal patterns
uncovered for disease-related causes like pancreatitis versus
treatment-related causes like medications (eg, spironolactone
and sodium in figure 2B). A disease appears to follow its effect
because it is the process of diagnosis, not the disease itself, that
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Figure 3 Patients with few values. The linear correlation between
blood potassium level and mention of spironolactone is shown,
comparing all patients with relevant data versus only patients with 10 or
fewer laboratory values. Linear correlation (y axis) is plotted against time
lag in days (x axis).

is measured. Thus, correctable effects appear to precede the
disease but follow the treatment.

The shape of the curve may help to distinguish types of asso-
ciations. In figure 2D, vomiting, diarrhea, and severe hypergly-
cemia cause dehydration and elevated creatinine, and as noted
above, high creatinine appears to precede mention of the caus-
ative conditions. Note also the similar shapes of the curves of
the three conditions, as well as the shape of the curve
of pancreatitis in figure 2C. This shape may be indicative of
a disease-related cause, and it may be distinct from the shape
of a definitional attribute like hyper- and hypokalemia in
figure 2A, hyper- and hyponatremia in figure 1B, and hyper- and
hypoglycemia in figure 2C, which all share similarly shaped
curves. Thus, shape may be indicative of type of association,
with disease causes looking different from definitions.

The difference in shape may simply be a difference in chronicity
of the association. Definitional associations appear to be more
acute (sharper peak closer to 0 days) than the causative associ-
ations included in our study. When an electrolyte is measured—
especially in inpatients—review, documentation, and possible
treatment are likely to be rapid. Diagnosis is a more complex
process, so the time between the appearance of laboratory values
and documenting a condition is likely to be longer.

The specificity of the concept also affects the result. In figure 2D,
mention of specific drugs (spironolactone and hydrochlorothia-
zide) is preceded by low creatinine and followed by high creat-
inine, likely reflecting the treatment of patients in fluid overload,
with lower creatinine associated with fluid overload beforehand
and relatively higher creatinine after being treated. Mention of
specific drugs likely reflects actual use of the drug. Mention of
the general concept ‘diuretic’ may not signify any specific
treatment at the present time, so the more balanced association
found in figure 2D may simply reflect reduced renal function at
times when patients require diuretics.

We demonstrate the value of aggregation in figure 3, which
shows the correlation between blood potassium and mention of
spironolactone. Whereas figure 2 is based on 20 years of data, the
‘<10 values’ curve in figure 3 is limited to patients with 10 or
fewer potassium values. This limits the data set to 444 patients
instead of the 5424 patients with relevant data (8%), and only
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Figure 4 Comparison of different temporal algorithms. Linear
correlation of blood potassium with mention of spironolactone (A) and
blood sodium with mention of hyponatremia (B) is shown, comparing
four temporal algorithms (see text). Linear correlation (y axis) is plotted
against time lag in days (x axis).

2534 values instead of 570000 (0.4%), with an average of fewer
than six values per patient. The result is grossly similar to the
full set, with a similar magnitude of effect, but with more noise
and a slight positive shift. Despite the likelihood that this cohort
is medically distinct from patients with more potassium values,
the result is similar. This result could never have been obtained
based on a single patient with only 10 data values, yet the
aggregation produced a result that mirrors the result for a much
more substantial sample.

Figure 4 shows the value of using all the time and correcting for
inter-patient effects, comparing our approach to alternative,
simpler algorithms. The ‘corrected’ curves are the algorithms
used in the corresponding curves in figure 2. ‘No time’ uses
a single value for each patient, where laboratory tests are the
mean for the patient and concepts are the proportion of signout
notes that mention the concept. This discards temporal infor-
mation within patients, eliminating the lag. Therefore, only
a simple relationship can be represented—that a pair of variables
is somehow directly or inversely associated—and the subtleties
of their temporal relationship are lost. For example, in figure 4A,
the ‘no time‘ version of blood potassium and spironolactone
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shows positive correlation, completely losing the fact that
spironolactone is correlated with low potassium before it is given.

Failure to normalize in figure 4B (‘no normalize’) incorporates
an inter-patient effect, which shifts the curve negatively,
implying that patients with lower average sodium tend to have
hyponatremia, and obscuring the physiologic and intentional
effects within patients. Failure to interpolate (‘no interpolation’)
loses temporal information because only points that happen to
occur on the same day are included in the correlation calculation
and all other points are discarded; figure 4AB both show
significantly more noise and figure 4A shows a differently
shaped curve.

Despite the correlations in figure 2 being highly statistically
significant, they are very small. For example, spironolactone and
potassium peaks at only 0.025. To attempt to explain the small
size, we carried out a scrambling experiment on one of the larger
correlations, hyponatremia and sodium, with the results shown
in figure 5. When 70% of the patients have their values scram-
bled in time, the signal becomes approximately 70% smaller, and
when 100% of the patients have their values scrambled,
the signal disappears. This demonstrates that it is possible to
create a small but significant correlation by mixing patients that
have a real signal (the 30% unscrambled ones) with patients that
have no signal (the 70% scrambled). Therefore, if the database is
large enough, there may be enough cases that display a rela-
tionship even if the majority of cases do not display the rela-
tionship; the result would be a small but statistically significant
signal.

DISCUSSION

These generated graphs thus illustrate several basic electronic
health record data mining concepts. Few single patients have
sufficient data to carry out such an analysis. Therefore, aggre-
gation is critical to address the incompleteness of records,
although it must be done with caution to account for inter-
patient effects. Despite the complex format of the data, simple
pattern matching and temporal interpolation are sufficient to
reveal associations. Using all available temporal information can
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-60 -40 -20 / 20 40 " 60
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0-05
05

)
ik
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[
(%2}
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e 70% scrambled

100% scrambled

02
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Figure 5 Inducing low correlation. For the hyponatremia—sodium

correlation, a lower correlation is induced by scrambling a proportion of
the patients. When 70% of the patients have their values scrambled in
time, the height of the correlation drops approximately 70%. When 100%
of the patients have their values scrambled, the correlation disappears.
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reveal relationships that would be missed if information is rolled
into a single value per patient or if a lag was not used. The
relationships reveal information not just about human physi-
ology, but also about human intention, so the results must be
interpreted appropriately. Nevertheless, clues such as curve
shape may facilitate interpretation.

Normalizing within patient appears to produce less biased
results, as shown in figure 4, but the price is that information is
being discarded because there may be legitimate inter-patient
effects. It is important to remember, however, that we have
lumped together every type of patient in the past 2 decades,
inpatient and outpatient, and given such a heterogeneous
population, it will be difficult to distinguish legitimate associa-
tions from artifacts induced by differential patterns of
confounding (eg, the mixing of two populations with different
levels of a confounder may induce spurious association
patterns).

While the discovered correlations appear to be small, we
believe that they reflect real associations for several reasons.
They are statistically significantly different from zero (no asso-
ciation). The shape of the curves appears to have a characteristic
shape shared among other associations of a similar type. The
uncovered associations appear to make clinical and physiological
sense. And figure 5 illustrates one sufficient explanation for the
small size: a mixture of patients that display the association
with patients that do not display the association. In reality, the
reason for the small signal may be more complex, including the
possibility of patients with opposing effects.

In fact, the small size of the correlations illustrates one of the
benefits of incorporating time: in an atemporal experiment (no
time), a correlation of 0.05 may be considered inconsequential
even if it is statistically significant. The shape of the temporal
curve reveals additional information that may allow the
researcher to interpret the correlation and decide if it is signifi-
cant (eg, if the shape is like that of spironolactone, then suspect
a real association).

Our results are both encouraging and cautionary. The main
lesson is that electronic health records are not direct reflections
of the patient state, but rather reflections of the healthcare
process and the recording process. Counterintuitive results such
as the apparent reordering of cause and effect must be under-
stood and interpreted. The expected appearance of voluminous
clinical data should be a boon to research, but only after analysis
to understand the record and its biases.

There is a long tradition of mining clinical data in informatics.
We touch on four relevant areas here: temporal abstraction,” !¢
causal inference,’”~%* 4 4 numeric time series analysis, >
recent electronic health record-based association studies.
Temporal abstraction has a similar goal to ours—making sense
of complex temporal relationships among clinical variables and
concepts—although its methods tend to use symbolic patterns
and knowledge engineering rather than purely numeric manip-
ulation of raw data values. Causal inference has a greater focus
on distinguishing causes from other associations than on
uncovering detailed temporal relationships (with exceptions
highlighted below). Numeric time series analysis—which is
closer in methodology to our work—has been applied exten-
sively in physiology studies but less so in electronic health
record research. Recent electronic health record-based associa-
tion studies employ primarily numeric methods to uncover
associations, but generally do not capture complex temporal
information.

In the first area, Bellazzi and coauthors® used a multi-step
approach to identify temporal abstractions in home monitoring

and
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diabetes data to study patient dynamics. Sacchi and coauthors®
described a method for inferring relationships based on encoding
the time series as a sequence of trends and discovering the
relationships among them in terms of Allen’s intervals,” quan-
tifying the evidence by confidence and support. They discovered
complex temporal patterns, not merely instantaneous events.
They ran it on a hemodialysis data set with three quantifiable
variables. Concaro and coauthors® demonstrated the extraction
of temporal associations on a combined clinical and adminis-
trative dataset to address diabetes care. Bellazzi and coauthors’
used the same dataset to demonstrate a method that accom-
modates both point and interval data. They uncovered 24 rules
with sufficient support and confidence, and found them to be
clinically meaningful. Batal and coauthors® employed temporal
abstraction followed by machine learning of a classification
model to address anticoagulation therapy.

Jin and coauthors’ described a technique to find unexpected
temporal associations for the purpose of discovering adverse
drug reactions. A key element of this work was operating effi-
ciently despite the infrequency of events. Winarko and
Roddick'® mined temporal associations from interval-based data
on simulated datasets.

Shahar and colleagues have studied a critical issue in temporal
mining of electronic health records: information is recorded at
many levels of abstraction, such as from primary blood tests to
diagnoses."! > For example, Moskovitch and Shahar'® turned
point data into intervals and presented an algorithm for
temporal hierarchical clustering in the area of diabetes. Klimov
and coauthors'* developed a system to visualize and explore
time-oriented health data, incorporating aggregation functions
(eg, to aggregate a population of values over time) as well as
knowledge-based temporal abstraction tools.

Similarly, Guyet and coauthors’® addressed multilevel
abstraction and visualization, creating a collaborative
man—machine process for segmentation, classification, and
learning. Aigner and coauthors™® also address visualization and
abstraction, adding principal component analysis and clustering
to facilitate visualization by summarizing the data.

In general, our work has similar goals to this first area of
research, but it uses purely numeric methods that exploit the
raw data without imposing a predefined framework for trends
and temporal relationships. It may some day complement
temporal abstraction by uncovering new types of temporal
relationships that would be useful in the first abstraction phase.

In the second area, while a number of statistical methods can
be used to uncover associations among clinical variables in
electronic health records, determining which ones are actually
causal is more complex, and is an area of informatics research,
with investigators using methods such as regular and dynamic
Bayesian networks,'” "% 40 #! Granger causality,®! ?* and logic
formalisms.?® 2% This research has not focused on distinguishing
physiologic causes from workflow-related intentional causes,
and only recent work? 24 has produced finely detailed temporal
information.

In the third area, physiologists have used time series analysis
extensively to study health and disease,”® and the relationships
are complex. For example, in a study of signal variability over
time, Hanss and coauthors showed that low heart rate vari-
ability is associated with greater risk of cardiac ischemia during
general anesthesia, 2’ whereas Anderson and coauthors showed
that high breathing variability is associated with elevated blood
pressure and inversely associated with heart rate variability.?”
Glucose time series have been studied for some time with the
hope of predicting glucose levels and improving diabetic

14

control.?® Our work is similar because we use non-linear
numeric methods to analyze the data, but our data source is the
electronic health record including clinical notes, so we must
account not only for physiology, but also for clinical workflow.

In the fourth area, researchers are increasingly carrying out
traditional association studies on electronic health record
data.?*~** *? For the most part, the full temporal record is not
exploited, often using simultaneous values® or using aggrega-
tion methods such as taking the median.** Sometimes gross
temporal information is incorporated by filtering to ensure an
allowable ordering of events, but without fully exploiting
detailed relationships.

In summary, our goals are similar to those of the temporal
abstraction field, but we employ numeric methods that more
directly operate on the raw data. In the long run, the temporal
abstraction approach may turn out to be more efficient, but our
approach carries the fewest assumptions about the types of
temporal relationships that should be expected and is thus
a useful exploratory technique. We are not attempting in our
work to prove causality, and we focus instead on the detailed
timing of associations. Our methods (both lagged linear corre-
lation and mutual information) are drawn primarily from the
time series field, but we apply them not to a purely natural
physiologic system but to the complex healthcare process that is
represented in the electronic health record (especially in its
narrative notes), and the discovered relationships must be
interpreted in that context. Our work parallels association
studies in electronic health records, but we seek to uncover more
complex temporal relationships.

Although lagged linear correlation is used frequently to find
the temporal precedence between variables (eg, in syndromic
surveillance®®), we believe that this is the first use of it for
characterizing the timing of associations in a large-scale study of
electronic health records. Furthermore, we believe that this is the
first addition of within-patient normalization to reduce inter-
patient effects in the lagged correlations and the first application
of linear interpolation in the context of electronic health record
lagged correlations. The mutual information version of the
algorithm builds on our previous work.** Our hope is that our
work will help inform the temporal abstraction field and expand
the scope of electronic health record association studies.

Our study was carried out in a single medical center with an
emphasis on inpatient care. Future work should address
a broader range of care settings, improved concept abstraction,
and more advanced time series techniques.

CONCLUSION

We demonstrated that a relatively simple set of methods can
extract detailed temporal properties of clinical associations from
a heterogeneous database of electronic health record data. We
classified associations into three types—definitional, physiologic,
and intentional—and showed that care must be taken in inter-
preting the associations because the health record represents the
clinical workflow and not just patient physiology. We found
that fully exploiting time in the record revealed the most
detailed and reliable information.
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