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Abstract

The modeling of computer-interpretable clinical guidelines is a laborious task. In this project we
propose a two-step approach to explore whether the TimeML specification language can build a
solid foundation to enable an automatic modeling process by temporal reasoning. The comparison
of the main linguistic differences between clinical guidelines and clinical narratives leads to the
conclusion that existing research results of the latter are only partially applicable. Finally, the
goals, methods, and expected results – which should ease the modeling task in the long run – are
discussed.

1 Introduction

Clinical practice guidelines (CPGs) (Field and Lohr 1990) are documents containing recommend-
ations that describe the appropriate care for the management of patients with a specific clinical
condition. In order to deploy them in some kind of computerized tool (e.g., a clinical decision
support system) they have to be represented in a specialized language (e.g., Asbru, PROforma,
GLIF (Clercq et al. 2004)). Several editing/authoring tools exist with these languages, but still
the authoring task remains complex and labor-intensive and requires comprehensive knowledge
in medicine and computer science. For this reason, various approaches have been developed
to deal with an automated modeling using natural language processing (NLP) and information
extraction methods (Kaiser et al. 2007, 2011; Wenzina and Kaiser 2013). Thereby, rules based on
linguistic and semantic information are developed to identify activities in the text, link them
with conditions controlling them, and connect and order activities based on some keywords or
their hierarchical position in the document. Major challenges in modeling – whether manually or
(semi-)automatically – that have to be tackled, are that documents are often long and confusing,
concepts are vaguely or incompletely described, and the text contains redundancies that have to
be identified.

Other attempts using NLP in the medical domain focus on the processing of documents such
as clinical narratives. Although these documents differ from CPGs in the nature of the text, the
methods applied also have to deal with underspecified expressions. Several projects focusing on
these aspects are using TimeML (Pustejovsky et al. 2004) for annotation of events and temporal
expressions (Mele and Sorgente 2011; UzZaman and Allen 2010a). TimeML has become the de-facto
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standard for annotation of events and temporal expressions in natural language and can be used for
reasoning on events. As CPGs describe activities (corresponding to events) and contain (temporal)
expressions for ordering and relating them, we propose applying TimeML for annotation. Having a
CPG annotated in TimeML could ease the further modeling in a computer-interpretable guideline’s
(CIG) language by providing a semi-structured document containing additional information that
can then be transformed and authored by hand or even automatically. In this paper we want to
describe and discuss our considerations about the challenges of modeling a CPG and the dealing
with temporal relations.

In the following section we motivate the use of TimeML for annotation and temporal reasoning
on documents such as CPGs. In section 3 we give a short overview of TimeML followed by a
detailed problem description in section 4. Section 5 describes the approach we are intending to
apply, whereas section 6 describe the goals we want to achieve. Section 7 concludes our ideas.

2 Motivation

As temporal aspects play an important part within clinical guidelines (Terenziani et al. 2008)
(e.g., the description of care-paths) the use of temporal reasoning methods based on a temporal
representation of the guideline may lead towards an automatic modeling approach. To start with,
a temporal representation of a document consists of temporal expressions, concept primitives,
and temporal relations (Sun et al. 2013b) in order to handle the various vague and/or complex
temporal dimensions. The following sentence of a guideline gives a first insight into this temporal
complexity: “If post-dinner or fasting glucose values achieve the threshold for insulin treatment
as a consequence of increasing the amount of carbohydrates, starting insulin would be the best
option”.

In recent years, the specification language TimeML for annotating events and temporal expres-
sions in natural language processing gained recognition. The language addresses the problems of
(a) identifying an event (for example in the sentence above “achieve” or “increase”) and anchoring it
in time, (b) chronologically arranging events (e.g., the temporal relation between “achieve” and
“increase” is expressed by the phrase “as a consequence”) , (c) reasoning with contextually under-
specified temporal expressions (temporal functions such as “post-dinner” or “fasting”), and (d)
reasoning about the duration of events (Pustejovsky et al. 2004). Therefore, TimeML may also fulfill
our requirements for annotating the various information aspects of clinical guidelines.

Consequently, we hypothesize that
Reasoning over temporal annotations – specified by TimeML and annotated by adaptable tools (e.g.,

TARSQI Toolkit (Verhagen and Pustejovsky 2010)) – can support the automatic transformation process of a
guideline into its computer interpretable representation.

This support comprises the extension of authoring tools (to identify relevant sentences) as well
as the automatic generation of parts of the CIG model in the long run.
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3 Background and Related Work

The markup language TimeML is a specification formalism for annotating events and temporal
relations in narrative texts and is widely spread in the natural language processing community.
The fact that a revised and interoperable version of TimeML called ISO-TimeML (Pustejovsky et al.
2010) is expected to be published as an international standard for temporal annotations by ISO,
demonstrates its importance. Generally, TimeML defines events as situations that happen or occur
and categorizes the relations among them as temporal, subordinated, or aspectual (Pustejovsky
et al. 2004). Originally, TimeML was applied to the TimeBank corpus containing 186 news articles
and was in the following extended to other domains.

Domain independent additions to the TimeML language were proposed by UzZaman and Allen
(2010a). They implemented the TRIOS system containing a semantic parser to extract events, their
linguistic features, and relations. OntoTimeFL, a formalism for the reasoning of complex events
– also built on TimeML – categorizes the events as narrative, intentional, and causal (Mele and
Sorgente 2011). During the THYME1 project a temporal relation annotation scheme and annotation
guidelines for clinical free texts based on TimeML were developed.

The TARSQI Toolkit (TTK) was one of the first implementations which generated TimeML-
compliant annotations in order to enable temporally based questions about events in news articles
(Verhagen and Pustejovsky 2010). In MED-TTK – an extension of the toolkit – the TTK’s time tagger
was modified in order to improve the identification methods of temporal references in medical
notes (Reeves et al. 2013). The latest version of the toolkit concentrates on, among other extensions,
the application to the medical domain and the introduction of narrative containers - with the
implementation still in progress (Verhagen and Pustejovsky 2012).

Gooch (2012) used external resources (e.g., the UMLS – the Unified Medical Language System
(Lindberg et al. 1993)) in order to categorize selected medical concepts as events to be formalised
in TimeML expressions. The solution was finally evaluated against a corpus of clinical discharge
summaries.

Methods in natural language processing support the modeling process of clinical guidelines. A
rule-based information extraction approach in order to identify medical activities in CPGs was
presented by Kaiser et al. (2011). A set of semantic patterns representing activities based on semantic
relations allowed the detection of large parts of control flow related aspects. The extraction of
temporal relations between the activities was not part of the method. This shortcoming was partly
resolved by Thorne et al. (2013). They focused on a supervised approach in order to recognize
process fragments in guidelines and succeeded in the identification of simple before/after temporal
relations between medical tasks. However, the modeling of the control flow still is an open issue.

1 https://clear.colorado.edu/TemporalWiki
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4 Problem Description

TimeML has already been successfully applied to medical texts (e.g., clinical narratives). However,
clinical practice guidelines (CPGs) differ in many ways (major differences are discussed below)
and therefore, existing research results can only partially be transferred.

A clinical narrative describes a specific clinical case/the disease and patient level from the
therapist’s view. It also acts as a tool for self-reflection of current practice and supports the
discussion of a case among colleagues (UW Health 2014). CPGs, on the other hand, are defined as
“systematically developed statements to assist practitioners and patient decisions about appropriate
healthcare for specific circumstances” (Field and Lohr 1990). Hence, they have no relation to an
existing patient. They serve as manuals for patient-groups and care personnel, such as physicians
or nurses.

In natural language processing clinical narratives are difficult to handle because (1) a third of the
text consists of sentence fragments which can hardly be identified by conventional language parsers
(Savova et al. 2009), (2) medical terms are often abbreviated, and (3) the style of the language is
fairly different to domain independent English texts (Sun et al. 2013b). On the contrary, CPGs are
published as linguistic mature documents containing highly sophisticated and complex sentence
constructions.

Clinical narratives describe the progression of illnesses and their related events chronologically.
These events, such as laboratory tests, doctor’s visits, administered procedures, and records
from medication logs are explicitly dated (Sun et al. 2013b). Based on these absolute time points,
the events can be temporally related to each other and temporal reasoning mechanisms can be
applied. Clinical guidelines, however, mostly specify only relative time points (e.g., first trimester
of pregnancy) which additionally are often expressed in a vague way.

One possibility to derive temporal relations between events in narrative texts is to analyze
the tense used in the sentence. This allows for example, the determination if a medication is
historically used, currently taken, or prescribed for future use in clinical narratives. (Raghavan
et al. 2012) used the tense of the verb as a feature (amongst others) for classifying medical events
into coarse time-bins by means of Conditional Random Fields. The following sentence from a
guideline, “Administration of inhaled steroids at or above 400 mcg a day of BDP or equivalent
may be associated with systemic side-effects”, shows that the tense of the modal verb does not
show any hint that the administration has to occur before the side-effects may appear. Hence, the
tense of the verb used is of limited suitability for identifying temporal relations.

5 Approach

The general objective of this project is to explore whether temporal annotations, as specified in
TimeML, facilitate the manual as well as the automatic translation process of CPGs into their
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computer interpretable models. Therefore, we follow a strategy based on sentence-level as well
as document-level perspectives. This ’think big, start small’ strategy allows us to approach this
challenge from two different views and presumably helps to prove our hypothesis.

In the following subsections the two perspectives are discussed in detail, whereas in section 6
we will show the corresponding methods and results.

5.1 Sentence-Level Perspective: Subordination Links

TimeML specifies different types of temporal relations (TLINK, SLINK, and ALINK) representing
the various dependencies that exist between temporal concept primitives (Pustejovsky et al.
2004). The subordination link (SLINK) is used for contexts with a subordination relation between
two events (Saurí et al. 2006b). The relation is classified according to their types modal, factive,
counterfactive, evidential, negative evidential, or conditional. In CPGs such subordination relations
represent a prominent aspect of the control flow and are often found in sentences expressing
conditional activities (corresponds to SLINK type conditional) in contrast to clinical narratives,
where mainly facts are reported. As no detailed research has been done on subordination links in
the medical domain so far, we will set our focus onto this specific aspect.

A few examples of subordination links from clinical guidelines2 are shown below. The introdu-
cing event is marked “in bold” and the consequence, which takes the place of the subordinated
event, is “underlined”.

(1) If there is no response the drug should be discontinued.
(2) Women with pain should be re-examined after two hours.
(3) The partogram should be used once labour is established.

Subordination links may be found all over the guideline document – not only in the descriptions
of care paths but e.g., also for presenting background information (see sentence number three).
Hence, they have to be filtered concerning their control flow relatedness. A closer categorization of
the involved events may help to distinguish these.

5.2 Document-Level Perspective: The General Approach

If the TimeML specification is applied to a complete guideline document, every contained temporal
concept (e.g., EVENT, TIMEX3, TLINK, etc.) will be annotated. The challenge now is to use, adapt,
or extend these annotations to make it possible to generate parts of the formal representation of
a CPG automatically. In order to reduce the complexity of this approach, the output of previous

2 The events are identified compliant to the guideline presented in (Sun et al. 2013a).

41



projects, especially the application of TimeML on clinical narratives, will be reused. Nevertheless,
several challenges, which are discussed below, have to be mastered before doing so.

Temporal reasoning is based on the anchoring of events to relative or absolute points of time.
However, the identification of these temporal anchors in guidelines is a challenging task. An
example: The document creation time (DCT) which is used as an anchor in the newswire domain
has not really an informative value for clinical guidelines - exceptionally perhaps for the practitioner
but surely not for the sequence of activities in clinical care paths. A possible solution to this
problem could be the introduction of the concept of Narrative Time (Pustejovsky and Stubbs 2011).
It describes the current temporal anchor for events in a guideline and changes during the reading
process. Miller et al. (2013) already discussed this concept for clinical narratives.

In CPGs various information dimensions containing events can be identified (e.g., control, data,
time, evidence, resource, patient, etc.) but not all of them are temporally related to each other. These
events are not positioned in time or in relation to other temporally located events in the document
(e.g., ’In clinical practice, women often require 1600 to 2200 kcal per day.’). The handling of such Generics
(UzZaman and Allen 2010b) must be defined.

The fact that clinical guidelines not only contain patient and treatment related information but
also explanatory notes like: ’The diagnostic criteria for gestational diabetes have been a matter of debate
since the publication of the IADPSG recommendations in 2010.’ it is worth investigating if the various
extensions (e.g., Sun et al. 2013a) to the TimeML specification formalism are consistently applicable
to CPGs.

In guidelines, clinical activities are often recommended to different patient groups (e.g., specified
by the age) whereas in clinical narratives the described facts and procedures are always related
to one and the same patient. The sentence: ’...the dose of inhaled steroids should be increased to 800
micrograms/day in adults or 400 micrograms day in children (5-12 years), if not already on these doses.’
shows a complex example concerning this matter. As you can see from the sentence above, the
patient specifications in this case are even mixed within the same sentence. In order to represent
this information in a formal model, a new concept like a patient-container should be introduced.

6 Goals

The long-term goal of this project is the design of an annotation scheme (for temporal relations
based on TimeML for clinical practice guidelines) and built upon, the development of methods to
automatically generate formal models of CPGs. Based on the two perspectives presented above,
this general goal has to be split into two subgoals.
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6.1 Goal I: Automatic Identification of Subordination Links

Method. In our experiments we set the focus on the discovering of subordination links (SLINK).
Therefore, we (1) identify condition-action sentences concerning control-flow related aspects as
candidates for subordination links in a guideline which we have already used in a former project,
(2) manually annotate the selected sentences complying to the TimeML specification for SLINKs
and find the limitations of the formalism in our application area, (3) extend/adapt the rules of the
TimeML annotation guideline in this respect, (4) analyze existing application frameworks which
automatically generate TimeML annotations and allow the extension of their rule-sets to those
elaborated in step four, (5) manually annotate an existing corpus of condition-action sentences
according to step three, apply the prototype of step four, and evaluate the results in order to draw
a general conclusion about our algorithm.

Constraints. SLINK annotations depend on the proper annotation of events. Hence, we act on
the assumption that temporal expressions (TIMEX3) and events (based on the annotation guideline
developed in Sun et al. 2013a) have been annotated correctly.

Expected results. These are (1) a prototype with the implemented rules, (2) an evaluation of the
rules after applying them on the selected corpus, and (3) a general conclusion to continue our work
on the long-term goal.

Evaluation. A comparison of the identified subordination links with a gold standard (developed
in step 5) facilitates the calculation of quantitative measures like recall, precision, and accuracy.

Current status. Step (1) of our method presented above has already been finished. The selection
of a functioning framework to be able to focus on the implementation of the rule set and not
on the coding process is a crucial task and therefore, we rescheduled our steps and continued
with step four. The requirement specification for a tool (described in step four) comprises (1) the
extraction and normalization of temporal expressions, (2) the identification of concept primitives,
and (3) the classification of temporal relations in narrative texts (Sun et al. 2013b). We selected
the TARSQI-Toolkit (TTK)3 for our project as it fulfills these requirements and all TTK modules
already use the TimeML annotation language. Additionally, its stable performance is comparable
with other tools (e.g. TRIPS (UzZaman and Allen 2010b)).

Figure 1 shows the structure of the toolkit (Verhagen and Pustejovsky 2010). The Slinket module
is responsible for the correct identification of subordination links and relies on a combination of
lexical and syntactic knowledge (Saurí et al. 2006a). Hence, it will be extended to our rule set.

Currently we are working on step (2).

3 We used the current version 1.0.
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Fig. 1: Structure of the TTK (GUTime: temporal expression tagger; Evita: event recognition tool;
Slinket: subordination link categorizer; Temporal Processing: responsible for temporal relations) and
future extensions (colored in gray).

6.2 Goal II: Extension of the TimeML Specification Language for the Automatic
Generation of CIGs

Method. We will (1) manually annotate a guideline based on TimeML and its extensions (Sun et al.
2013a), (2) apply a temporal reasoning mechanism to explore which temporal relations can be
inferred for the formal guideline model, (3) identify the concept primitives modeled with TimeML
which can be directly transferred to the computerized guideline model (e.g., ASBRU (Shahar et al.
1998)), and (4) find out which extensions for the TimeML specification are needed to successfully
realize steps two and three.

Answers to the following research questions are essential for realizing step four:

1. Does the introduction of new types of temporal links help to identify the different temporal
dimensions in a formal model of a guideline?

2. Does the concept of the narrative scope solve the problem of temporal anchoring?
3. How can the different views of the stakeholders (patient, physician) of a guideline be modeled

in the specification language?
4. Which influence does the structure of the document (e.g., title, headlines) have to the temporal

relations?
5. How can generic events be handled?
6. Which external resources (e.g., UMLS Semantic Network) can support the automatic annotation

process of medical concepts?

Expected results. We want to (1) draw a general conclusion concerning the suitability of TimeML
for our goal, and in case of a positive answer (2) extend the TimeML specification, (3) prepare
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an annotation guideline for upcoming projects, and (4) implement a prototype based on existing
frameworks (see Figure 1) to show the feasibility of our results.

Evaluation. As an ASBRU model is represented as an XML document, we use an XML distance
measure (e.g., Long et al. 2005) to show the similarity between the inferred model and the gold
standard.

Current status. Has not been started yet.

7 Conclusion

The aim of this research-in-progress paper was to present a first step towards the application
of TimeML to clinical practice guidelines in order to support their translation process into their
corresponding formal models. After discussing the main differences between clinical narratives
and CPGs, we found out that existing research results are only partially applicable. Subsequently,
we gave an overview of our research tasks (goals, methods, expected results) and discussed the
current state of our work. If it is possible to prove our hypothesis, the modeling of CPGs will be
simplified substantially.
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