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Abstract. The ability to answer temporal-oriented questions based on
clinical narratives is essential to clinical research. The temporal dimen-
sion in medical data analysis enables clinical researches on many areas,
such as, disease progress, individualized treatment, and decision sup-
port. The Semantic Web provides a suitable environment to represent
the temporal dimension of the clinical data and reason about them. In
this paper, we introduce a Semantic-Web based framework, which pro-
vides an API for querying temporal information from clinical narratives.
The framework is centered by an OWL ontology called CNTRO (Clinical
Narrative Temporal Relation Ontology), and contains three major com-
ponents: time normalizer, SWRL based reasoner, and OWL-DL based
reasoner. We also discuss how we adopted these three components in the
clinical domain, their limitations, as well as extensions that we found
necessary or desirable to archive the purposes of querying time-oriented
data from real-world clinical narratives.

1 Introduction

The rapid increase in the volume of electronic health records (EHR) available
for research purposes provides new opportunities to create semantically inter-
operable healthcare applications and solutions for evidence-based medicine. An
important aspect of EHR is the temporal ordering of clinical events. Time is es-
sential in clinical research [20]. Exposing the temporal dimension in medical data
analysis provides new research paths such as (1) uncovering temporal patterns
at the disease and patient level to better understand the progression of a disease,
(2) explaining past events such as the possible causes of a clinical situation, and
(3) predicting future events such as possible complexities based on a patient’s
current status.

One important objective for enable meaningful use of EHR is to develop soft-
ware applications “to realize the true potential of EHR to improve the safety,
quality, and efficiency of care” [3]. In order to facilitate clinical researchers to
expose the temporal dimension in medical data analysis, software platforms that
allow users to ask free-form queries and retrieve temporal information automat-
ically from clinical records are highly desired. First, the temporal information
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interwoven in clinical narratives needs to be extracted and annotated to allow
computer systems to be able to locate the information of interest. Second, tem-
poral relations and assertions that are not explicitly expressed in the original
documents need to be automatically inferred in order to enable the full ca-
pacity and true potential of secondary use of EHR for meaningful use. Third,
temporal-oriented questions need to be captured in computer queries to query
the annotated and inferred information.

The Semantic Web and the Web Ontology Language (OWL) [13] provide a
suitable environment for modeling the temporal dimension of the clinical data,
reasoning and inferring new knowledge, and querying for the information desired.
The Semantic Web provides a standard mechanism with explicit and formal se-
mantic knowledge representation, and automated reasoning capabilities. OWL is
built on formalisms that adhere to Description Logic (DL) and therefore allows
reasoning and inference. The Semantic Web Rule Language (SWRL) [23] can be
used to add rules to OWL and enable Horn-like rules that can be used to infer
new knowledge from an OWL based ontology and reason about OWL individ-
uals. Once we have an ontology that can represent temporal assertions in the
clinical domain precisely, we can annotate temporal expressions and relations
with respect to the ontology and store the instances as RDF triples [17]. The
information then become “machine-understandable”. Tools and services such as
reasoners, editors, querying systems, and storage mechanisms that have been de-
veloped by the Semantic Web community can be directly applied to the temporal
data.

In this paper, we introduce a Semantic-Web based framework, which pro-
vides an API for querying temporal information from clinical narratives. The
framework is centered by an OWL ontology called CNTRO (Clinical Narrative
Temporal Relation Ontology), and contains three major components: time nor-
malizer, SWRL based reasoner, and OWL-DL based reasoner. We also discuss
how we adopted these three components in the clinical domain, their limitations,
as well as extensions that we found necessary or desirable to archive the purposes
of querying time-oriented data from real-world clinical narratives.

2 Related Work

Several approaches already exist for the modeling and query of temporal infor-
mation. Most of these are research efforts that focus on temporal information
stored in structured databases [32]. There are two existing temporal ontologies
in OWL, the Time Ontology [29] and the SWRL Temporal ontology [25], the
first of which is a general time ontology that defines basic time components and
their relationships. And the second one is built for the SWRL Temporal Built-Ins
library [24]. Both ontologies adopted Allen’s Interval Based Temporal Logic [1],
which provides a foundation of temporal logic for many temporal models. Tap-
polet and et al. [27] propose using time as an additional semantic dimension
of data using RDF named graphs in combination with a temporal extension of
the SPARQL query language called t-SPARQL. The SWRL Temporal Built-Ins
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library [24] defines a set of built-ins that can be used in SWRL rules to perform
temporal operations and has been applied in clinical research such as the system
described in [11]. These approaches, however, focus on the relationships between
instances and intervals in time and it is not obvious how these relationships can
be applied to actual events themselves.

There are also existing approaches that focus on the representations of free
text narratives such as those encountered in clinical notes. Models such as Tem-
poral Constraint Structure (TCS) [31] and the TimeML model [28] provide ways
to represent temporal information in natural language. HL7 time specification [7]
defines data types that can be used to specify the complex timing of events and
actions such as those that occur in order management and scheduling system.
While these models provide a good foundation, they are not currently compat-
ible with OWL and other semantic-web based tools and do not support formal
reasoning to infer new temporal knowledge.

3 Clinical Narrative Temporal Relation Ontology

We have developed an ontology in the Web Ontology Language (OWL) format
for modeling temporal information in clinical narratives, and evaluated this on-
tology using real-world clinical notes [26]. In this section, we briefly introduce
our OWL ontology for temporal relation reasoning in clinical narratives, which
we call the Clinical Narrative Temporal Relation Ontology (CNTRO)1. This on-
tology can model the temporal information found both in structured databases
and in natural-language based clinical reports. We investigated the existing con-
ceptual models for temporal information cited in the previous section. CNTRO
was developed based on these previous experiences combined with new ontolog-
ical specifications that fit the needs of natural-language based clinical reports.
We decided to first build a stand-alone model based on our requirements, which
is what is described in this paper. Subsequent work will involve the integration
of CNTRO and existing ontologies that cover time-related components such as
the Time Ontology in OWL [29], and Basic Formal Ontology (BFO) [2].

Figure 1 shows the graphical view of the ontology. OWL classes are repre-
sented by a rectangles with rounded corners and data types are represented by
an ovals. Subclass relationships are represented by hollow-headed arrows and
object and data properties by solid-headed arrows.

The class, Event represents an occurrence, state, perception, procedure, symp-
tom or situation that occurs on a time line in clinical narratives.

The Time class is the superclass of all the OWL temporal representation
classes:TimeInstant, TimeInterval, TimePhase, and TimePeriod. An OWLTime-

Instant is a specific point of time on the time line. In clinical reports, a time
instant can be represented in different granularities such as year, month, and day.
A time instant may also be represented in different formats. We implemented a
normalizer that converts commonly used time notations to the XML dateTime

1 http://www.cntro.org
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Fig. 1. A Graphical View of Clinical Narrative Temporal Relation Ontology.

format. In the ontology, we defined two data properties hasOrigTime and has-

NormalizedTime that keep track of the time instant in its original form and in
the normalized form respectively. An OWL TimeInterval represents a duration
of time. It could have two relations (OWL object properties), hasStartTime and
hasEndTime. Each of them links to instances of TimeInstant. A TimeInterval

could also have a Duration. An instance of the Duration class represents the time
length of a TimeInterval. We use an OWL data type property hasValue and an
OWL object property hasUnit to describe a Duration. Many clinical events re-
cur periodically. Adopted and modified from the HL7 time specification [7], two
OWL classes, TimePhase and TimePeriod, are defined in CNTRO to represent
intervals of time that recur periodically. A TimePhase represents each occur-
rence of the repeating interval and a TimePeriod specifies a reciprocal measure
of the frequency at which the TimePhase repeats. The class TimePhase is a sub-
class of TimeInterval, therefore, we can also specify a StartTime, an EndTime,
and a Duration. In addition, a relation (OWL ObjectProperty), hasTimePeriod,
is defined to specify the relation between a TimePhase and a TimePeriod. For
example, “every 8 hours for 10 days starting from today” is a TimePhase. Its
StartTime is “today”. Its Duration is “10 days”. And its TimePeriod is “every 8
hours”. We also define the certainty of a Time instance. For example, a physician
can describe a time notation with ambiguities such as “early next week” and “in
approximately two weeks”. In the CNTRO ontology, we defined a class called
“Modality” which serves as a flag to indicate whether a time representation is
approximated or not.

We can define the temporal relations between two events, or between an
event and a time instance using the object property hasTemporalRelation and
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its subproperties. We also use Allen’s temporal logic operators when defining our
temporal relation properties: equal, before, after, during, meet, start, finish, and
during. We have also defined their logical characteristics. For example, before is
a transitive property, and its inverse property is after.

We can also use TemporalRelationStatement class to describe temporal rela-
tions between two events or between an event and a Time instance. The Tempo-

ralRelationStatement class is a sub-class of rdf:Statement, we can define temporal
subject, object, and predicate of a TemporalRelationStatement. Using Temporal-

RelationStatement to describe a temporal relation enables defining properties
of the relation by reification. For example, we can add an offset time frame to
the relation by using an OWL object property called hasTemporalOffset. The
domain of hasTemporalOffset is TemporalRelationStatement and the range of it
is Duration. This offset defines the relative timing of a pair of events. In order
to model the sentence “patient’s bilirubin is elevated 2 weeks after the second
cycle of chemotherapy”, for example, we can use a TemporalRelationStatement

to represent “patient’s bilirubin is elevated” (object) after (predicate) “the sec-
ond cycle of chemotherapy” (subject), and then add “2 week” as an instance of
TemporalOffset to this TemporalRelationStatement instance.

We compared the expressiveness capabilities of the CNTRO ontology with
the two existing temporal ontologies in OWL: the Time ontology [29] and the
SWRL Temporal ontology [25]. Since these two ontologies are designed only for
structured data in databases, they mainly focus on timing events with points
anchored in absolute time. To cover the temporal assertions in natural-language
based clinical narratives, we have added the following major expressiveness ca-
pabilities to the CNTRO ontology. (1) Periodic Time Interval. In clinical
narratives, there are many events that recur periodically. It is important to be
able to represent periodic time intervals. Two OWL classes, TimePeriod and
TimePhase, have been defined to represent periodic time intervals in the CN-
TRO ontology. (2) Relation between Two Events. In many cases in clinical
notes, physicians describe the relations between two events without indicating
the time stamps of the events, i.e., (patient’s bilirubin is elevated after the second

cycle of chemotherapy). While the other two OWL ontologies defines that the
temporal relations are only between Time entities themselves, CNTRO is able
to capture this kinds of qualitative temporal relationships. (3) Time Offset.

The CNTRO ontology defines a TemporalOffset class which enables represent-
ing the time offset of a relation using reification. (4)Relative Time. Relative
time such as “today”, “tomorrow”, “two months ago”, or “in 3 weeks” is very
commonly used in clinical reports. The CNTRO ontology captures the relative
time information in its original form and at the same is able to represent the
calculated absolute time in the normalized form. (5) Uncertainty. Often tem-
poral information is represent with uncertainty in clinical notes. CNTRO offers
a property–hasModality to track of the uncertainty to make sure it can be taken
into consideration in answering temporal questions.
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4 Temporal Information Reasoning

CNTRO provides a conceptual model to represent temporal relations in clinical
narratives. A lot of time qualitative and quantitative temporal relationships,
however, are expressed implicit in the event occurrences. The answers of many
time-oriented questions are not necessarily stated explicitly in clinical narratives,
but rather need to be inferred. For example, here are three sentences from one
patient’s clinical notes: (1)Patient’s INR value is below normal (Event 1) today.
(note date: 01/26/07) (2)He has had the chills and body aches (Event 2) before
the abnormal test. (Event 3)” (note date: 01/26/07) (3) On Jan. 30, 2007, patient
started Coumadin dosing plan of 1.0 mg ((Event 4)).(note date: 02/09/07) To
answer the question “did the patient experience body aches before the he started
the Coumadin dosing plan?”, we actually need a few different steps of inferences.
We know that Event 1 has a time stamp “today” (time instant); Event 2 is before
Event 3; and Event 4 has a time stamp which is a time interval that has start
date “Jan. 30, 2007”. We first infer that the date of “today” for Event 1 is the
note date, which is “01/26/07”. We then infer that Event 3 actually refers to
Event 1. Therefore we know that Event 2 is before Event 1, which happened on
“01/26/07”. Hence, we know that Event 2 is before “01/26/07”. Now we need to
compare “01/26/07” and “Jan. 30, 2007” which is the Event 4’s time stamp. In
order to do that, we need to normalize the two dates, and infer that “01/26/07”
is before “Jan. 30, 2007”. Since that Event 2 is before “01/26/07”, which is
before “Jan. 30, 2007”, which is the start time of Event 4, we then can finally
infer that Event 2 is before Event 4.

This simple example illustrates how reasoners can help to infer temporal
relations. In this section, we discuss three major components we need to do
temporal relation inferences.

4.1 Temporal Representation Normalization

Temporal information in clinical text can be expressed in different ways [32]. In
order to infer temporal relations in clinical narratives, our first step is to normal-
ize the time expressions. Because the clinical records we are working with are
from the US based Mayo Clinic, this research focuses on conversion of commonly
used US temporal notations [4] to the xsd DateTime Data Type format [30]. We
used the information extraction technology developed by the Brigham Young
University (BYU) Data Extraction Group (DEG) [6] to recognize different time
notations. The DEG group has developed a set of libraries that recognize when
the same concept when represented in different formats, and we make use of
their time recognition component to identify different representations of the
same time. We then normalize the format and convert it into the xsd DateTime
format associating both the original and normalized time with an instance of the
TimeInstance class. The normalizer can also recognize the granularity of a time
expression. The defined six different units of measures to represent different lev-
els of granularity: year, month, day, hour, minute, and second. In this particular
paper, the finest granularity we cover is day.
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Temporal references often occur as relative terms within clinical text. Terms
such as “today”, “tomorrow”, “last month”, “two years ago”, and “in two
months” permeate the clinical document. The normalized form of a relative
temporal reference can often be inferred from to its relationship to other ab-
solute and relative temporal references. As an example, “today” is a relative
expression since its value depends on the document context. As we always know
date when a clinical narrative was written we can use it to convert “today” into
an absolute equivalent date. Other relative temporal references can be converted
to absolute equivalents with an accompanying granularity. As an example, if a
clinical document was recorded on 2010-06-08, we can infer that “in 2 days”
corresponds to 2010-08-10, with a granularity of day. The SWRL temporal built
in library [24] provides functions to calculate to a time reference by adding or
subtracting a duration from a given time point. Section 4.3 discusses how we
adopt it in detail.

4.2 OWL DL Reasoning

Logical Characteristics of Properties We leverage the logical definition
properties to infer more temporal relations between events. For example, before
is defined as being transitive, meaning that, if that event A is stated as occuring
before event B, and event B before event C, we can infer that event A occurrs
before event C. Before and after are defined as inverse properties. Therefore,
given that event A is before event B, we can infer that event B is after event
A, and vice versa. equal is defined as a symmetric property, meaning that, when
event A is described as being equal with event B, we can infer that B is also equal

with A. The temporal relations can be semantically defined using SWRL rules
or computed using SWRL Built-Ins, which we will discuss in the next section.

CNTRO also provides the capability to define time offsets for temporal re-
lations. Based on these time offsets, more temporal relations could be inferred.
The RDF quads below provide an example

S1 e1 before e2

S1 hasTemporalOffset d1 (3 days) [e1 occurred 3 days before e2]

S2 e2 before e3

S2 hasTemporalOffset d2 (2 days) [e2 occurred 2 days before e3]

S3 e2 after e4

S3 hasTemporalOffset d3 (2 days) [e2 occurred 2 days after e4]

Since before and after are transitive properties, we can use a reasoner such
as Pellet [14] to infer that event e1 is also before event e3. But Pellet does not
provide the reasoning power to infer the temporal relation between events e1 and
e4. Based on the temporal offsets, however, we can calculate the time interval
between these events using a pair of inverse operators α and β to calculate time
interval based on temporal offsets, where α is used when the temporal relation
is after and β is used when the temporal relation is before. To calculate the time
interval between events e1 and e4, we then have an operation, β(3 days)α(2
days). Since α and β are inverse operators, the result of this operation is β(1
day) meaning e1 occurred 1 day before e4.
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Restriction Assertions With the temporal relations defined in CNTRO, we
can use OWL restrictions to define known temporal relationships between differ-
ent kinds of events. For example, we want define that a treatment of a condition
must happen after it has been diagnosed. We define the temporal relations be-
tween the two SNOMED CT concepts: CancerChemotherapy and CancerDiag-
nosisBasedOnClinicalEvidence as

Class(sct:CancerChemotherapy partial

restriction(CNTRO:after

someValuesFrom (sct:CancerDiagnosisBasedOnClinicalEvidence)))

This definition allows as to restrict that a cancer chemotherapy must happen
after a cancer diagnosis based on clinical evidence.

The above definition, however, is slightly different than what we need. A
patient could have more than one diagnoses and treatments. We want to be able
to specify that a treatment of a condition must happen after the diagnosis for
this particular condition. We must consider the two relations Treatment treats
ConditionWithDiagnosis and Treatment after ConditionWithDiagnosis together
to ensure the correct semantic meaning. We need to be able to add the temporal
relation property as a qualifier of the another relation. So that we can link a
restriction to the class description to define a class of individuals x for which
holds that if the pair (x,y) is an instance of P (the property concerned), then
y should have certain temporal relation with x. So this is our preferred way to
represent our example:

Class(sct:CancerChemotherapy partial

restriction(treats

CNTRO:after (sct:CancerDiagnosisBasedOnClinicalEvidence)))

This restriction describes the temporal qualification of a relation, if an instance
of CancerChemotherapy a is for an instance of CancerDiagnosisBasedOnClin-

icalEvidence b, then a must happen after b. This definition can be described
using SWRL rules, which we will discuss in the next section.

Semantic Definition of Concepts With OWL DL, we can formally define
clinical events or clinical-related temporal periods with temporal assertions, such
as “infection after injection” and “before procedure”. For example, SNOMED
CT defines that “infection after injection” is a “infection as complication of
medical care” that is after “injection”. Using OWL DL, we define the Infection-
AfterInjection class as fellow:

Class(InfectionAfterInjection partial

intersectionOf

(restriction(CNTRO:after someValuesFrom (Injection))

InfectionAsComplicationOfMedicalCare))

With formal semantic definitions of clinical events, we can use the reasoners
to automatically identify certain time-related events from patient records. This
capability will potentially bring benefits to high throughput phenotyping, GWA
(genome-wide association) studies, clinical trials, and epidemiology studies.
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4.3 SWRL-based Reasoning

SWRL Temporal Built-In Library The SWRL Temporal Built-Ins Library
is one of the SWRLTabBuiltInLibraries [24]. It defines a set of builtins that can
be used in SWRL rules to perform temporal operations. It works with tempo-
ral information in the normalized form. Given two normalized time stamps, the
Built-Ins provide basic functions such as calculating the durations, and compar-
ing the two time stamps and checking if they satisfy certain temporal relations. It
also can compare two durations and check if one is less than, equal to, or greater
than the other. In addition, the Temporal Builtins provides an add function,
which can calculate a new time stamp by adding (or subtracting) a duration
from a given time stamp.

The temporal Builtins provides us the basic function blocks to build our
temporal reasoner. After the temporal data has been normalized, many more
information can be inferred or calculated using the function blocks. For example,
with the add function, we can calculate the start/end time of a time interval
given the end/start time and its duration. We can also calculate the time stamp
of an event, given the time stamp of another event, and the temporal relation
with time offset of the two events.

SWRL RuleML SWRL is designed based on the combination of OWL DL
and the unary/binary Datalog RuleML sub-language [23]. We can use SWRL
to add semantic assertions and enable Horn-like rules that can be used to infer
new knowledge from an OWL ontology and reason about OWL individuals. A
rule composed by two or more shared variables is easily expressed in Datalog
and corresponding decidable subsets of rule based languages. However, such role
chains is hard to be expressed in OWL DL [8]. SWRL generalized OWL by
allowing arbitrary patterns of variables and property conditionals expressions.

Using SWRL and the temporal relations defined in CNTRO, we can further
define time events with complex temporal assertions and/or with more than two
shared variables. For example, we can define that for a valid time interval, its
start time must before its end time by the following rule:

TimeInterval(?t)^hasStartTime(?t, ?s)^hasNormalizedTime(?s, ?ns)

^hasEndTime(?t,?e)^hasNormalizedTime(?e, ?ne)^before(?ns,?ne)

--> ValidTimeInterval(?t)

We can also define temporal relation properties such as meet, during, overlap,
finish, and start. For example, the temporal relation property during is defined
as follow:

Event(?a1)^hasTimeStamp(?a1,?t1)^TimeInterval(?t1)^

hasStartTime(?t1,?s1)^hasNormalizedTime(?s1,?ns1)

hasEndTime(?t1,?e1)^hasNormalizedTime(?e1,?ne1)

Event(?a2)^hasTimeStamp(?a2,?t2)^TimeInterval(?t2)^

hasStartTime(?t2,?s2)^hasNormalizedTime(?s2,?ns2)

hasEndTime(?t2,?e2)^hasNormalizedTime(?e2,?ne2)
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^before(?ns1,?ns2)^after(?ne1,ne2)

--> during(?a2,?a1)

Event(?a1)^hasTimeStamp(?a1,?t1)^TimeInterval(?t1)^

hasStartTime(?t1,?s1)^hasNormalizedTime(?s1,?ns1)

hasEndTime(?t1,?e1)^hasNormalizedTime(?e1,?ne1)

Event(?a2)^hasTimeStamp(?a2,?t2)^TimeInstant(?t2)^

hasNormalizedTime(?t2,?nt2)^

^before(?ns1,?nt2)^after(?ne1,nt2)

--> during(?a2,?a1)

We assume that if an event A includes another event B, event A must be asso-
ciated with a time interval. Event B, however, could be associated with either
a time instant or a time interval, each defined by one of the above rules. These
temporal operators can also be expressed using SWRL Built-Ins that connect to
Java methods.

We can combine the SWRL Built-Ins predicates and operators with SWRL
rules to define clinical events and concepts. For example SNOMED CT has
a concept “premature labor after 22 weeks but before 37 completed weeks of
gestation without delivery”, we can use SWRL rule expression to define the
temporal part as:

Event(?p)^hasTimeStamp(?p, ?t) ^ hasDuration(?t, ?d)

^temporal:durationLessThan(‘154’, ?d, temporal:Days)

^temporal:durationGreaterThan(‘259’, ?d, temporal:Days)

In the above expression uses the two operators in durationLessThan and dura-

tionGreaterThan from SWRL temporal builtins to check if the duration of the
event falls in the range specified in the concept. Since both the SWRL temporal
builtins and CNTRO do not support the level of granularity on week, we have
to convert 22 weeks and 37 weeks to 154 days and 259 days.

5 Implementation Status

We have designed and built a framework that embeds normalization, DL-based
reasoning, and SWRL-based reasoning. The framework adopted the temporal
computation components from the SWRL Temporal Built Ins library and uses
Pellet [14] as the reasoning engine. It provides a query API for users to query
data represented with respect to CNTRO. General search API parameters are:

– findEvent(searchText) returns a list of events that match the searching
criteria. Currently we look for events based on text search. We are working
on connecting our reasoning framework with Mayo Clinic’s Text Analysis
and Knowledge Extraction System (cTAKES) [12]. cTAKES can annotate
clinical events with respect to standard ontologies such as SNOMED CT [21]
(for clinical terms) or RxNorm [18] (for drug names). It annotates named
entities expressed in different ways but have the same semantic meanings
using the same concept code. We can then search by concept codes or labels
instead.
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– GetEventFeature(event, featureflag) returns a specific time feature for
a given event. The parameter featureflag indicates which time feature the
user wants to retrieve: start time, end time, note taken time, or event time.
All the time will be returned in the normalized format. If the specific time
was not stated in the original file explicitly, it will call the reasoner and check
if the time can be inferred. Sample query: When was the patient diagnosed
with diabetes? When was the patient started his chemotherapy?

– getDurationBetweenEvents(event1, event2) returns the time interval
between two events. The duration of the interval is either retrieved directly,
calculated, or inferred from temporal relationships with offsets. Sample
query: How long after the patient was diagnosed colon cancer did he start
the chemotherapy?

– getDuration(event) returns the duration of a given event. The duration
can be either retrieved directly or calculated. Sample query: How long did
the symptoms of rectal bleeding last?

– getTemporalRelationType(event1, event2) returns the temporal rela-
tions between two events if it can be retrieved differently or inferred. Sample
query: Was the PT scan after the colonoscopy?

– getTemporalRelationType(event1, time) returns the temporal rela-
tions between an event and a specific time if it can be inferred or retrieved.
Sample query: Is there any behavior change within a week of the test?

– getEventsTimeline(events) returns the order (timeline) of a set of events.
Optionally, when the order of the given list of events cannot be completely
resolved, it returns a set lists with those events that cannot be sorted within
the group. Sample query: What is the tumor status timeline as indicated
in the patient’s radiology note? What is the treatment timeline as recorded
in oncology notes? When was the first colonoscopy done When was the most
recent glucose test?

This temporal reasoning framework is an ongoing process. We are working
on implementing and improving the features of the API, and evaluating the API
with real world clinical data.

6 Discussions

Instant vs. Interval Whether to view time as instants or intervals is a debate
among a lot of researchers [32]. On one hand, a time instant can be viewed as
a time interval with a very short duration. On the other hand, a time interval
is a time instant on a coarse level of granularity. In medical text, both time
instants and time intervals are used to describe clinical events. For example,
a clinician may state that “patient’s last cycle of chemotherapy was on Jan.
19”, or “patient’s last cycle of chemotherapy started from Jan. 10 and ended on
Jan. 19”. Currently we annotate the time stamp of an event simply based on
the expressions themselves. When there is only one time expression stated, we
consider it as a time instant. If duration, and/or start and end time were stated,
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we consider it as a time interval. Therefore, we consider that “Jan. 19” is a time
instant with granularity Day whereas “started from Jan. 10 and ended on Jan.
19” is a time interval with both start time and end time indicated.

One might argue, however, that a cycle of chemotherapy should be a process
with a duration instead of an occurrence that just happens on a specific point of
time. We are currently investigating on how to further classify and specify events
into different categories with different temporal characteristics. We then will be
able to annotate the temporal information of an event based on the temporal
characteristics of the event itself, instead of based on the temporal expressions
used in the original documents. For example, for processes like chemotherapy or
surgery, we use time intervals. But for occurrences like checking-in, we use time
instants. Basic Formal Ontology and Medical Ontology [2] has defined different
kinds of occurrences and process entities. We plan to adopt and expand the
classes defined by BFO to our CNTRO ontology, so that the temporal informa-
tion can be more properly annotated.

Temporal Uncertainty and Temporal Imprecision There are different
kinds of uncertainties we have encountered during both the annotation process
and the reasoning process.

One kind of uncertainty is from the original source. CNTRO has defined a
property called hasModality to capture uncertainties specified explicitly in the
original documents. For example, “in approximately two weeks” or ”about 3
hours”, each is an approximated temporal expression with uncertainties. Tem-
poral relations that are inferred based on this kind of temporal expressions will
also be returned to users as approximated.

In clinical text, each time expression is stated on a certain level of granularity.
But is that level of granularity sufficient enough for inferring temporal relations
or calculate a duration? One example would be to get the duration between
an event happened on Jan. and an event happened on June. Is that 5 months,
6 months, or 7 months? Another example is that an event A has time stamp
“Jan”, and an event B has time stamp “Jan 16”. The reasoner could not infer
a certain temporal relation between these two events. This kind of uncertainties
was major caused by temporal imprecisions.

We also found that temporal information in clinical text can be expressed in
a coarse notion that it is hard to use one of the pre-defined levels of granularity to
describe it, i.e., “early next year”, “middle of next week”, “short after 11:30 PM”,
or “immediately after admission”. This kind of imprecisions brings us problems
for uncertainties on temporal relations and durations too. For example, given
that an event A has a time stamp “short after 11:30PM on Jan 16”, and an
event B has a time stamp “Jan 17”, how confident can we say that event A is
before event B?

In addition, sometimes one temporal expression can have different interpre-
tations. For example, for the sentence “patient’s last cycle of chemotherapy was
on Jan. 19”, there might be three different interpretations: (1) patient’s last cycle
of chemotherapy STARTED on Jan. 19; (2) patient’s last cycle of chemother-
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apy ENDED on Jan. 19; or (3) patient’s last cycle of chemotherapy STARTED
and ENDED on Jan. 19. If we can specify the common duration of a cycle of
chemotherapy, it might be helpful to disambiguate the confusions. For example,
if we know the event usually lasts a few hours, but not a few days, we could
interpret that patient’s last cycle of chemotherapy STARTED and ENDED on
Jan. 19.

How to describe the uncertainty in a systematic way while still support mean-
ingful reasoning powers is a non-trivial problem. While OWL can provide means
for including numeric uncertainty measures or level of uncertainties as data type
properties, there is no standardized way of representing uncertainties. In order
to adequately represent uncertainties in OWL, some language extension is nec-
essary. For example, previous research has focused on extending OWL DL with
fuzzy set theory [10, 22], or using Bayesian networks as the underlying reason-
ing mechanism and probabilistic model [5, 16]. We are currently investigating on
adopting this previous work and using OWL to represent temporal uncertainties.
In addition, we believe it will be useful to use ranges to represent imprecise tem-
poral notions and currently working on extend the CNTRO ontology to reflect
it.

Negation SWRL and OWL’s monotonicity assumption determines that nega-
tion as failure is not supported. But in practice, we need to have a not operator
in both annotation and reasoning. In many cases, clinicians use negations of
temporal relations in clinical narratives, such as “no later than”, “not during”,
and “not before”. Without a not operator, new temporal relation properties such
as not before, not after have to been introduced and semantically defined, like
what the SWRL Temporal Built-In Ontology does.

Limitations with SWRL Built-Ins While SWRL Built-Ins provide a pow-
erful extension mechanism that allows user-defined methods to be used in rules,
and serve as important function blocks in our temporal relation reasoning frame-
work, we found there are some limitations when using them. First, the Built-Ins
do not use an input-output designation mechanism. Built-ins can assign (or
bind) values to arguments. The implementation of the rule engine must detect
the unbound arguments and assign values to them. The types or the positions of
the unbound arguments cannot be defined through SWRL rules, therefore errors
cannot be detected easily before run time. Therefore, we provided our own API
for queries.

In addition, the SWRL Temporal Built-Ins implementation is not available
as a stand-along program library yet. We have investigated two ways to lever-
age the Built-Ins library: (1) using the Protégé SWRL tab [15], and (2) using
Pellet reasoner for SWRL Built-Ins. The first one can only be used in Protégé
environment and the second has limited access to temporal operations. In our
framework, we leveraged basic temporal Java classes implementation that comes
with SWRL tab plug-in for Protégé, such as Instant, Period and Temporal to
compute basic features and relations among events in patient’s clinical note.
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Timing-Event-Dependent Change It is important to monitor the changes
between two time points or two timing events. For example, in “Most recent
ultrasound in May 2007 showed no change comparing to Nov last year”, we
can annotate two timing events, ”ultrasound in May 2007” and “ultrasound in
Nov last year”. But with the current model, it is hard to annotate “no change”
between these two events. BFO has explored two ways to representing changes:
by comparing the discrepancies among the qualities at different time instants,
or by capturing the continuous dynamic change over an interval of time. While
measurement of change has been a topic widely covered by many researchers,
currently there is no standard way for modelling it in OWL. OWL’s monotonicity
assumption precludes modelling the changes of property values over time without
significant extra effort to circumvent the imposed constraints [9].

7 Conclusions and Future Work

In this paper, we introduce a Semantic-Web based framework for querying and
inferring temporal information from clinical narratives. We have built an OWL
ontology that models temporal information such as timing events, time instants,
time intervals, durations, and temporal relations. Based on this ontology, tem-
poral information in clinical narratives can be annotated and represented in
RDF. This ontology also provides foundation pillars for us and users to define
concepts and relations in the temporal aspects. Our framework embedded OWL
DL-based reasoning, SWRL-based reasoning, and the SWRL Temporal Built-Ins
library, combined these tools seamlessly to fit the needs of time-oriented question
answering and inference from clinical narratives.

Several directions remain to be pursued. First, we would like to connect the
reasoning framework to Mayo Clinic’s Text Analysis and Knowledge Extraction
System (cTAKES) [12]. We will extend and improve cTAKES and use it as an
automatic annotator for temporal information [19] and annotate information
with respect to the CNTRO ontology. We want to scale up the data collection
and investigate more on reasoning temporal information in clinical narratives.
We would also like to address the consistency issues and object identification
problem over heterogeneous sources. Second, we would like to extend the CN-
TRO ontology and embed more time-related semantic assertions as discussed in
Section 4.2. We will also embed the SWRL rules discussed in Section 4.3 into the
ontology itself. In addition, we will explore how to leverage the capabilities of
Rule Interchange Format (RIF) and OWL2 for temporal information definition
and reasoning. Third, we want to extend the CNTRO so that we can capture
data with uncertainty and imprecision better as discussed in Section 6. Last,
but not least, we want to implement a user-friendly user interface for health-
care providers and clinical researchers to query the time-related information in
clinical narratives.
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