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Abstract

As electronic health records (EHR) become more
widespread, they enable clinicians and researchers to
pose complex queries thaian benefit immediate
patient care and deepen understanding of medical
treatmentand outcomes. However, currentquery
tools makecomplex temporal queries difficult to
pos, and physicians have to rely on computer
professionals to specify the queries for theffhis
paper describes our efforts to develomavel query
tool implemented in a large operationgystenat the
Washington Haggital Center (Microsoft Amalga,
formerly known as AzyXxiWe describe our design of
the interfaceto specify temporal patternand the
visual presentation ofresults, thensummarize the
feedback gathered during early testing with
physicians. The use caskescribed in the paper
focuses on adverse reactions following radiology
studies using contrast.

Introduction

As the use of electronic health records (EHRS)
spreadsthere are growing opportunities for use in
clinical researcland patient care. @griesoften have

a tempor al
patients who were discharged from temergency
room then admitted again
example is AFind
creatinine lab test less than 2 days before a radiology
test with intravenous contrast, followed by an
increase in serum creatinine by more than 50% and of
more than 1.0 mg/dl within 5 days after the contrast

component . F

admi ni s Currantlyi availableuser interfaces
make possible simple querissu c h a s
who had a radiology test with contrast and a high
value of creatinineleaving users with the burden of
shuffling through large numbers of results in sear

for matching patients

Specifying temporal queries in SQL is difficult even
for computer professionals specializing in such
queries. Scientific research has made progress in
representing temporal abstractions and executing
complex temporal queries (e.g. Shahar98; Shahar00,
Augusto05, Stacey07) but there is very little research
that focuses on matg it easy forclinicians and
medical researchers to specify the queries and to
examine the results visually.

We believethat interactive query interfacedlowing
researchers and clinicians &xplore data thathave
specific temporal patternsn both numeical and
categorical dataan dramatically increasbe benefits

of EHR databases. Comprehensive presentation of
the results can then help usesse patterns and
exceptions in the data they retrieved, and refine their
gueryaccordingly This paper desityes our efforts
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clinical trial recruitment clinical research general
patient care (e.g.tracking the application of
guideliney or alarm specification.For example,
setting an alarm for patients on Heparin with a
precipitous drop irplatelet counts (heparimduced
thrombocytopenia)requires specificity mund the
definition of
EHR databaseghysicians designing the alaroan
iteratively test the logic of the alarm (e.@houldan
absolute drop or a relative driye used as marker?
What is the appropriate time rande use?) and
validate it with a large amount. Clinical medicine is
always concerned about changes from some baseline
state. A blood pressure of 90/60 may be normal for a
25 year old female but may represent severe
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hypotension in a 65 year old male hypasiee categorical dataan dramatically increasbe benefits
patient whose blood pressure during previous visits of EHR databases. Comprehensive presentation of
was 160/100. Clinicians are always seeking changes the results can then help usesse pattars and

in the value of some clinical measure to determine  exceptions in the data they retrieved, and refine their
whether or not an intervention should be taken. query accordingly This paper describes our efforts
to implementsuch an interfacecalled PatternFinder,

in a large operational systefMicrosoft Amalga,
formerly known as Azyxyi at the Wakington
Hospital Cente(Figure 1).

We believethat interactive query interfacedlowing
researchers and clinicians &xplore data thathave
specific temporal patterngn both numerical and
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FigurelPatternFinder 6s main screen. Tikiedpatiens whohal s nosmale ci f i e
serum creatinine lab te@he baseline eventess than 2 days before ai@ogy test with intravenous contrgshe

index event) followed by an increase in serum creatinine by more than 50% and of more than 1.€ehati@l to

the baseline measuremewithin 5 days after the contrastd mi n i s The quéry returnid 1@atients. For each

patient a timeline show the timing of events that match the query, aligned ingélxevent. Each event is drawn as

a color coded tick marks. In this query all baseline events appear on the left sidendeevent, and follow on

are on the right side. Options allow users to display the numerical values as well. Zooming reveals more details.
NOTE: Medical records and dates have been modified and hidden to produce this figure

Related Work (Catarci97; Cheng97; Cheng 99; Jensen 99), but
many of these suffer the same accessibility
difficulties of SQL or they require an understanding
of the underlying database structufde large body

of relatel computer science work can be grouped into
three general areas: time theory, databases, and
visualizations. None of the systems discussed in
those papers enable query or visualizations of
patterns across multiple entities (e.g. temporal eross
patient quees). This is a major contribution of our
work which will combine power of temporal queries

Handling timerelated concepts is essential in
medicine. A survey (Augusto05) lists the many
applications that use the history of temporal events,
and review the latest contributions to thaware
decision support systems. Research inswsality,
natural language, argumentation is very hot topic in
Al and Medicine research community. However,
Augusto observed that there are still opportunities for
providing much needed search todkme research
systems provide temporal access languages
support limited visual queries from enders



with graphical visualizations, in an

operational EHR system.

integrated

Time Theory: Much of the seminal work in
computer science relating to time stems from
artificial intelligence, time reasoning, and early
natural language processing (Bruce72; Allen83;
Kahn77). Time can be characterized by point or
interval events. Snodgrass defines instance events as
being absolute and intervals as being relative
distances betvem two instances (Shodgrass99).
Allen introduces time intervals as the primitive for
automated reasoning over temporally structured data
(Allen83). Our early prototype PatternFinder
supports intervals, including: start/stop event pairs,
and as sets of even that share a useefined
characteristic, which together span an extent of time.
Although overlapping queries are possible, our
proposeé approach supports temporal sequence
patterns more directly.

Databases: Due to the complexity of formulating
SQL queres, several approaches have made database
query more accessibte a broader spectrum of users,
e.g.Query By Example (QBE) presents the structure
of the database as skeleton tables, and is the visual
query mechani sm
(Microsoft).  Although visual query languages
facilitate database query by avoiding SQL syntax,
users must still understand the relational tables and
formulate queries, using variables and other difficult
concepts. Our work will presents users with visual
construcs for querying the temporal relationships
among events.

Numerous extensions to the relational model have
been proposed to incorporate time, such as TSQL2
(Jensen99), an extension to the S@HA (ANSI86)
language standard. A hybrid between QBE and
Extended Mtity-Relationship diagrams (EER)
represents queries visually as EER objects for which
attributes and variables can be instantiated
(Kouramajian95). Temporal queries are supported by
temporal operator objects in the diagram including
the qualifiers: beforeduring, after, start and end.
This work was expanded by (Silva9Neitherwork
visually encods temporal aspects and relationships
in a succinct or orderly wataking advantage of the
ordered nature of time. MQue(ionisio96) targets
various types ofstreaming dataTemporal features
can be captured by before/after date specifications
and left to right positioning of query objects, but it
does not provide a higher level representation of the
temporal aspects of the data or the query itself.

Visualizations: Chittaro and Combi proposed three
alternative visual metaphors for querying temporal
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intervals (Chittaro03). Hibino and Rudensteiner
introduced a direct manipulation Temporal Visual
Query Language (TVQL) (Hibino97) to support
Al 1l ends 1 3mitves| latéréstinglya honep r i
of the work described above address the visualization
of the returned results. However, applications such as
TimeSearcher (Hochheiser04), DataJewel
(Ankerst03), KNAVE (Cheng97) and LifeLines
(Plaisant98)offer visualizations that cluster results
and highlight temporal patterns. LifeLines provides a
compact hierarchical timeline visualizati for
personal histories organized by facets, such as doctor
visits, lab tests, and medications (Plaisant&&pcus

on a single record andloes not offer a query
mechanism for discovery across multiple records.
Many g/stems have built on LifeLines (e.Bade04)
Shahar proposes a Knowledge Based Temporal
Abstraction model RESUME (Shahar98)

Again, we emphasize that none of the systems
discussed above enable query or visualizations of
patterns across multiple entities (e.g. crpatient
query). This isone of the major contributions of the
proposed work which will combine power of
temporal queries with graphical visualizations.

The implementation of PatternFinder in Amalga
builts oo eanlys poototypes developed atshe Human
Computer interaction Lab (Fad6). A limited set of
temporal filters could be chained together with
changes always relative to the previous event. Those
prototypes only read small datasets from flat files.
We worked with physicians to refine the prototypes
and develop a taxonomy ofuery types. Later on
class student project usability tested the early user
interfaces and generated recommendations
(www.cs.umd.edu/hcil/patternfinder Lifelines 2 focuses in

the exploration of the results once a query has been
specified, and demonsteat the benefit of alignement
(e.g. onindex events) to see patterns in the data
(Wang 2008).

Description of PatternFinder

A successful application to enable physicians, clinical
researcher, or administrators to search electronic
health records must includeomponents for query
specification, rapid execution, and display of results.

Interfacing with Amalga: While Amalga has a wide
range of databases, the basic concept is that the
databases are presented to the PatternFinder
application using an evewntlue #able data format.

An eventvalue table joins patient information with
event information, requiring a field for categorical or
numerical event data in addition to a daiee
associated with the event. Each row in the event



value table contains informatiodescribing at least
one event. Although Amalga uses a peslational
data model, theeventvalue tables used in Amalga
are constructed as virtual tables by creating views
that join multiple databases and tables together,
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Field narme

Lab Acceszioning Time

which can have up to hundred$ ftelds. Figure 1 Operator
shows the interface linked to a data table containing within {re) Follow
radiology events with contrast and creatinine labs. Relative To

Query Specification Interface: To minimize the © Sentinel Time

learning time for Amalga users, the PatternFinder () Baseline Event
interface has the look and feel Afmal gads e X i S wyaue
data filtering tool, to which we added support for

temporal functionality, i.e. the ability to specify g Day

multiple events, define relationships between events

using a time basis, and compare values between Lok J[ cCancel |
events.  While we aim to create vary general

interface to handle a large number of medically Figure 2 Defining the temporal relationship

interesting temporal patterns, we chose to focus our
initial attention on the relationships ofdex events,

baseline and follovon events. The temporal relationships use various operators and
Users first define a specific temporal scope for the ~ &llow users to spefy the reference time (e.g. here
query (top left) e.g. choosing a date range for the theindexeventor the baseline event).

radiology exam. Next they specify tiedex event, The o6operatorsd available in
baseline event and folloan event of interest in the users to Specify Changes in field values between

three separate filter widgets. In the example of  events. For numeric fields, examples of new

Figure 1, theindex event is the radiology exam operators include:

during which intravenous contrast was administered,

the baseline event is a lab test result of a normal A firelatdwve dmeateer than Xo
serum creatinine level, and the follam event is A fArelative increase greate
another serum creatinine lab test which shows an A firelative decrease greate
increase in serum creatinine level of at least 50% A firelative decrease greate
relative to the baseline value and of at leastgldin A filess than value in event
The events are linked together using the temporal A fiequal to value in event
definition fields and dialog boxes (Figure 2). A date A finot equal to value in ev
time field asks users to select the appropriate FOr date time fields, new operators irdsu .
database field to use if multiple datme fields exist A flwithin X pri Or to (relat
in the data sourcé a | i kel y scenarioAirﬂ‘W'AFnQ!@ag following (rela
database tables and views. The addition of these A flafter relative)o

fields in the event definition interface serves as a A fibefore X (relative)o .
visual reminder for the steps necessary for fully A fiis equal to (relative)o
defining a temporal pattern (Our first riggions of For text fields, new operators include: _

PatternFinder did not include this separate -tiate A fiequal to value in event
widget, so some users forgot to temporally link the A finot equal to value in ev

events together). Most operators are relative to other ) )
event times or values and we allow users to select the Display of Results PatternFinder for Amalga uses

event to be used as referencArrows on the left of two methods for showing results, a table view that
the filter widgets indicate the chosen temporal Mi rrors the existing Amalga
connections between widgets (Figure 1). graphical view which combines aspects from

LifeLines (Plaisant 98) and an earlier PatternFinder
version using a ball and chametaphor (Fails 06).
On the lower left part of the screen the table view
breaks result pairings up and placesleevent in a
single row. Uses can review all events, the list of
patient ID that satisfy the query, or view all events
for a single selectedatient. To increase readability,



duplicate rows were eliminated from the table as
events could trigger multiple result pairs/triplets. At
the right end of each row, additional columns indicate
which filter the event was matched to.

Lab Accessioning Fitter Fitter Fitter Fitter
Time 1 2 3
4/5/2007 8:41 AM 1 X
3/20/2007 10:07 AM 2 X
4/1/2007 12:38 FM 3 X

Figure 3 Additional filter columns shown on the grid
result display for athree-event temporal query.

On the right side of the screen the graphical display
shows all records in the result set, labeled by th
paient number (hidden ifigure 1). For each patient

a simplified LifeLinesbased timeline summarizes all
the events that match the query for that patient. A tick
mark is drawn to indicate the time of each event,
colored to match the event type, allowing users to see
which events relate to each filter of the temporal
qguery. Numerial values can be displayed below the
tick marks (in our example the creatinine serum level
value would be shown there)

Based on the result of our previous research
(Wang08) an fal ign byo
interactively align the records (either by thedex
event or the % baseline or % follow-on event). This
action makes the time scale relative to the aligned
event. In figure 1, the LifeLines have been aligned by
theindexevent i.e. the time of the radiology exam.

q12
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Figure 4 A snapshot of the lifelines visualization of
result-set using "align by" capability. Green hashes
indicate the first event, purple hashes indicate the
second event, and the red hashes indicate the third
event. All patterns have been aligned by the purple
secondary event.

Users can click on a
more details about the matches. Two options are
available: 1) a single triplet display to show only one
set of events matching the filgefi.e. events that are
the closest to thendex event) or 2) a display of all

achieving rapid execution.
contvrol was

ALif

the possible triple combinations of events that match
the query for that patient (this display is called a ball
and chain display (Fails06).) Users can also zoom in
to enlargethe display, or zoom out to see more
patients and events at once. By hovering over any of
the tickkmarks from the LifeLines display (or balls in
the baltlandchain display) users can see detailed
textual information for that specific event (date and
time, test name, units etc.)

Rapid Execution

The PatternFinder converts the specified temporal
query into a TSQL (TransaeSQL, a
Microsoft/Sybase extension of SQL) query using a
series of selfoins to sequence multiple events
together. A series of sgifins can be prohibitively
expensive on large databases such Microsoft
Amal gadés and can form a
execution due to the massive amount of data the
database is required to handle.  These-jsglf
combine rows from the table with ité&ased on the
conditions presented in a query, and have a worst
case asymptotic complexity of roughly &)for each
selfjoin used. We found that preprocessing the 25.6
million rows of data from the virtual tables that our
application queried from grég helped in our goal of

added to
Sample SQL Query:

SELECT TOP 200
*
FROM
Labs Labs_1,
Labs Labs_2
WHERE
Labs_1.0Observation = 'HGB'
AND
Labs_1.Value BETWEEN '8' AND '9'
AND
Labs_1.DtTm >'2005
01:36:00.000'
AND
Labs_2.0Observation = 'HGB'
AND
Labs_2.Value > (Labs_1.Value *
1+.2)
AND
Labs_2.DtTm > Labs_1.DtTm AND
Labs_2.DtTm < dateadd(Hour, 5,
Labs_1.DtTm)
AND
Labs_1.MRN = Labs_2.MRN

-12-30

Figure 5 A generated SQL query, sarching for a 20%
rise in hemoglobin levels within 5 hours

€oLaccerangodate dor data souraes that use aultiple s e e

tables, a SQL view can be created in advance joining
the tables of interest together into a single virtual
table. This technique is used to mavrthe scope of
the queries possible and reduce the amount of data

bott



exposed to PatternFinder, increasing the relevancy of
the search data and reducing the overall query
execution time. Preprocessing the source data and
converting the virtual table into aal one, before
using PatternFinder, also eliminates some of the work
the SQL server has to do when performing temporal
searches and was found to be an essential step
towards providing results in retime.

Preprocessing a virtual table with over 25.6 il
rows of lab and patient information took 1 hour 13
minutes, and reated a new table with only 600,000
rows. The table was later analyzed and optimized
with additional indices.Without indices loaded into
memory, a query against the 25.6 million roable
took 20 minutes to finish whereas the same query
against the 80,000 row table took 15 seconds to
complete. With indices loadethto memory the
same query respectively took 6 minugesl 1 second
to finish.

Readers should note the widely varyingaxes for
the execution times, indicating the many orders of
magnitude variations in performance with large data
sets.

Pre-processing Timings

1400

o
1200 .
OlLive
1000
800 @ Optimized
. 600
8
g 400
&
° 200
E o0
|_
Cached Uncached
Query

Figure 6 Speed advantages of preprocessing data.
Preprocessing the data in advance shwed a 80 to
360-fold decreasein query execution time.

Figure 6 above illustrates the speed differential

between queries between preprocessed data and raw

data, and cache indices and uncached indices. The
first query in a multiplequery set against a new data
source typically uns the slowest since Microsoft
SQL Server has not loaded the indexes into memory
yet. Once the indices have been loaded, significant
speedups in query performance times can be gained.
Therefore for consistency purposes, all performance
test timing resub, unless otherwise noted, are
returned from a database using cached indices.

For a given dataset, the execution time for queries
with multiple events can grow at a geometric rate,
depending on the number of results returned by each
event during the actuguery. Therefore by placing
tight constraints on the initial event in the temporal
query, the total execution time can be significantly
reduced.

Two Filter Performance
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Figure 7 The performance of a twefilter query shows

series degradations as thevent range expands. Going

from a 10-year to 20year to 40year produced a total
35-fold increase in the query execution time.

One Filter Performance
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Figure 8 The performance of a one filter query with
increasing initial event sets. Despite the incesing
range of age conditions, the query execution time stayed
the same.

In a two event filter performance test, we found that
modifying the initial event and increasing the range
of patient ranges greatly affected performance times
as shown in figure7. However, in a single filter
query scenario, figur8 demonstrates that modifying
the event range seemed to provide no improvements.



Two Filter Performance
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Figure 9 The performance of a two filter query with
increasing distance between events. Increagj the time
range between events from-year to 5 years produced

a 60fold increase in query execution time.

Increasing the temporal aspect of the query and
changing acceptable time between the events from 1
year to 5 years caused a 60x increase in query
execution times, as shown in figude

Query Complexity
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Figure 10 The performance of queries with varying # of
events. Each increase in the number of events caused a
60-fold increase in query execution time.

A similar relationship was also demstrated in our
dataset by increasing the number of events in the
temporal query, as shown in figurg0. For each
event filter added to the temporal query, an additional
selfjoin is used in the SQL query which can
quickly increase the overall query exgion time.

During our initial testing, performance, however, did
not seem to be a major concern for physicians using
the temporal querying tool. Users were willing to
trade performance and execution times for the ability
to query as much data as possibIThis propelled the
application towards an integrated cliesetrver model
where the query would be handled by Microsoft
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Amal gads separate
replicated database as well as a batch querying
processing system.

The option tosave and load the raw results returned
for the temporal queries was added to PatternFinder,
allowing users to save and export the data for later
analysis. In the intended Microsoft Amalga
environment, users are expected to protect the saved
and exported riformation if the data contains
confidential patient information.

Saved queries could also be executed against
different data sources as long as the data sources
contain the same table and fields names used by the
query, allowing users to reuse previouslgfined
gueries in multiple environments.

I mplementation Difficulties

Query performance becangerecurring issue during
the implementation phase, especially when all of the
initial tests were performedn Washington Hospital
Ce nt devebopment andesarch servers. The
development server acted as a staging ground for
building the advanced querying tool as an integrated
Microsoft Amalga component. For testing purposes,
PatternFinderS was instructed to use the Washington
Hospital
research server allowale complex temporal queries
the tool produced to run oreplicated snapshots of

t he ho3¥ prablyta bafabase, withoyutting
excessive load on re#lmalga servers used on the
hospital floor Although this cafiguration was
immenselyhelpful in testingthe toolin a realistic
environment, getting new iterations of the tool onto
the serverswas a multiple step process aloaed
generating and running querieauld take upwards of
one hour depending on the tablesed and the
complexity of the temporal query By creating a
standalone version of the application that could run
independently outside of Microsoft Amalga and
using a smaller test dataset, time between iterations
was greatly improved, allowing for moreapid
development taccur.

Another issue experienced with the SQL based
PatternFinder is that the query can timedepending

on the complexity of the query and the size of the
dataset. Without the proper databagimizations
query performance deteriated to the point wherié
becamedifficult to verify whether or not queries
were correctly constructegs no results were returned
within a reasonable timeframe To combat the
extensive query times found by querying against the
7 TB datasets, smallerathsets of interest were
extracted from the live Amalga database for

reporting
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development purposes. Using a smaller limited
dataset reduced the scope of queries available but
allowed the more complex queries to complete within
a few minutes. As the confidencedeV i n t he
query specification and SQL generation capabilities
rose, the timeout time was increased.

As the waiting time for each query to complete grew,
it became more and more obvious that some kind of
guery management system for running queries w
needed. The job management system émanted
stored query results and queries in a binary file on the
Amal ga <clientés machine,
problematic in terms of providing backward
compatibility for previously created queries even
though query paameters were stored using XML.
Due to the changing definitions used to generate the

SQL queries in the tool, old queries could be
invalidated when functionality in the tool was added,
replaced or removed. An alternate method to store

the query history, such as .NET class serialization,

was initialy used during development but was later
dropped due to difficulties experienced in the actual
Amalga environment.

Another factor which made the implementation more
difficult was limited domainknowledge with medical
terminology and the databases within Microsoft
Amalga made it difficult to create meaningful test
gueries thatccurately represented the same type of
gueries our intended users, physicians, would be
creating. Even physicians who were already familiar
with the existing Microsoft Amalga system reported
that it was difficult to create certain queries since it
required users to know in advance where the data of
interest was located, and what each field in the
database meant. During an initial demonstration,
physicians at the Washington Hospital Center who
were more familiar with the Microsoft Amalga
databases made rcections to our demonstration
temporal query that searched for patients with
heparin induced thrombocytopenia.

DesignEvolution

The first iteration of the design split each event in the
temporal queries intanultiple tabs,with each tab
representinga sngle event Although this allowed
users to specify a lengthy series of events without
cluttering thequery building interface, thitab-based
approach was later replaced with a more compact,
inline approach. Placing the controls for multiple
events intoa single window instead of spreading
them out across multiple tabs reduced the number of
interactions requiredtboth define and view queries.

The graphical visualizations only currently display
data that match the specified temporal query, and do
not show all event / patient information like the
otigmal LiféLsnes and PatternFinder applications do.
Only a subset of the information is available since
providing full patient information requires the
application to have a full understanding of the data
saurce, which requires an appropriately created
ontology that is outside of the scope of the
PatternFinder for Microsoft Amalga project

Various changes were made to the query
spdtification intedacesto allgwrevents to betdefineth e
in a nonsequential orderThe contrast and creatinine
query formulated during our testsequenced the
eventsina 2 171 3 order, positioning the first event
specified & radiology exam) in the middle of the
temporal sequence of event3.o reduce confusion,
arrows were addedhto the interface tindicate how
each event iselated ¢ the others.

Figure 11 - Menu bar addition to Ul, allowing the user
to specify various visudization options

In the later iterations, amy simplifications were
made to improve usability. For example, mafiyhe
buttons and leeckboxes for various features and
optionsin the tool windowwere moved out of plain
sight into thetoold s me nThis addition greatly
reduced the amount of clutter on the interface while
preserving previous functionality. When specifying
the tempoal operator between events, all of the non
relational operators were removed to reduce
confusion.

Based onuser feedback various assumptions were
added in an attempt to more closely align the tool to
the user ds expec tha tempomals .
time field, when not specifiedjefauls to be the same
as the time field used in the user specified -datzpe.
The concept of implicit parameter inheritance, where
ol d
unless overridden with new parametergas also
tested but was found to be confusing, particularly in
the case of nosequential temporal queries.

paramet grhs owagulod t ff altlher






