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Abstract: The task of gathering detailed patient
information from narrative text presents a significan
barrier to clinical research. A prototype informatio
extraction system was developed to identify concepts
and their associated values from narrative
echocardiogram reports. The system uses a Unified
Medical Language System compatible architecture
and takes advantage of canonical language use
patterns to identify sentence templates with which
concepts and their related values can be identified.
The data extracted from this system will be used to
enrich an existing database used by clinical
researchers in a large university healthcare system
identify potential research candidates fulfilling
clinical inclusion criteria. The system was developed
and evaluated using ten clinical concepts. Concept-
value pairs extracted by the system were compared
with findings extracted manually by the author. The
system was able to recall 78% [95%CI, 76-80%] of
the relevant findings, with a precision of 99%
[95%CI, 98-99%].

Background

Collecting specific clinical data from electronic
patient records continues to be a major obstacle to
taking full advantage of clinical information systems
in health cark One strategy to augment the
availability of data has been to train authors of
clinical reports to submit structured data. Not
surprisingly, for most clinical purposes, this strategy
is considered too restrictive and the computer-
generated narrative, if any, is frequently altered to fit
the author's needs. In these cases, the narrative
contains important clinical data that may not be
found elsewhere in the document and the problem of
‘hidden’ data remains.

Information extraction (IE) is the process of
extracting user-specified text from a set of
documents—the goal is to capture structured
information without sacrificing feasibilify While it
requires deeper analysis than simple key word
searches, IE tasks are generally easier to implement
than general-purpose natural language processing
(NLP) systems since complete  syntactic
characterization and language understanding are not
necessary While one of the most promising systems

developed to extract information from medical
narrative is a comprehensive NLP system--
MEDLEE achieved a sensitivity of 81% and a
specificity of 98% for six clinical conditions found in
chest radiography repofts information extraction
systems that do not rely on full parsing have also
demonstrated promising results, especially when
applied to domains that are limited in scope and in
which the language displays more regulafity
Documentation of diagnostic procedures, e.g.
echocardiogram reports, contains simpler narrative
than reports detailing patient care or chronicling the
patient's medical history. With their narrow
terminology, little need for outside knowledge and
predictable routine, procedural reports lend
themselves to a comparatively shallow analysis
Like the physical exam, the subject of the description
is always implicitly the patient, descriptions generally
refer only to the present and sentences are generally
independent units of description These properties
permit the desired knowledge to be sufficiently
described by a relatively simple and fixed template
with slots that can be filled in with material froimet
text This intermediate strategy works well when
applied to procedural reports where identifying a
concept alone is usually insufficient, but in which the
relation that exists between the condition of interest
and its modifying value is usually explicit. Such
values may specify a condition’'s absence, its
presence or in the case of the latter, the degree of
disease (e.gevere aortic stenosis).

This work describes the implementation and
evaluation of an IE system in which sentence
templates are generated from named entities
recognized as concepts by the MetaMap Transfer
(MMTX) program and by an auxiliary value lexicon.
These templates are then used to extract clinical
conditions and their related values. This paper
demonstrates how this simple method can be applied
to echocardiogram reports and yield patient-specific
detailed cardiac findings in a precise way.

" MetaMap Transfer (MMTX) is a program developethet
National Library of Medicine to map biomedical téatconcepts
in the Unified Medical Language System (UMLS) Mbt&gaurus.
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Methods: Development of Extraction System
Pre-processing:

(1) Corpus Overview. 703 echocardiogram reports
were analyzed for this study — 483 reports from
university hospital 1 (UH1) and 220 reports from
university hospital 2 (UH2). These reports were
chosen from 19 randomly selected days between June
and December 2003. 295 reports from UH1 were
used to train the system. The remaining 188 reports
from UH1 and all 220 reports from UH2 were used to
complete a test set of 408 reports.

(2) Concept Sdection: The following ten concepts
were used as benchmark conditions to train and test
the system: mitral valve insufficiency, aortic valv
stenosis, pulmonary hypertension, mitral valve
prolapse, valvular vegetations, cardiac shunt,
intracardiac thrombus, ejection fraction, pericardial
effusion and left ventricular hypertrophy. These ten
concepts span a range of conditions that researchers
in this university setting have frequently requested,
but up to this point, have not been able to obtain
easily.

(3 Section Parsing: Regular expressions were used
to extract the narrative sections of the test report.
Coded fields were excluded from further analysis.

(4) Concept Mapping and Sentence Reconstruction:

Both the UMLS Metathesaurus and the strategy used
by MMTx have been extensively described and will
not be detailed het® A supplied Java API provides

a way to manipulate the input and output to MMTX.
In order to simplify the template generation process,
only the following UMLS concept categories were
permitted to match: disease or syndromes§RasH,
body part [BP], anatomical structure [AS], and
diagnostic procedure [DP]. Up to three words could
be grouped together to generate a ranked list of
mappings to concepts in the UMLS. Lexical
information and the top scoring mapping for each
identified noun phrase are used in this analysis. Each
sentence was then reconstructed so that the position
of the term in the sentence serves as a key to the
details of that term (see Figure A).

Key Term POS Semantic Type
1 THERE adv null

2 1S aux null

3 NO value [VALUE]

4 MITRAL VALVE PROLAPSE noun [BEASH

5 punctuation null

Figure A: Sentence reconstruction involves linking concampd
lexical information to each term in the sentenc&ach term
position or ‘key’ (e.g. “4”) is assigned its assated term (“mitral
valve prolapse”), the part-of-speech (“noun”) amg tsemantic
type of that concept ([BEAsH). If MMTx could not map a
concept to a term, no semantic type was recordedLUE]

assignments are discussed in the following section.

Post-processing

A Perl program was written to accomplish the
following three tasks: identification of values,
template recovery, and concept-value extraction.

(1) Identification of valuess The terms used to
characterize disease severity in echocardiogram
reports come from a fairly limited domain. However,
the semantics behind some of the similar-seeming
value terms (e.gtrace vs. mild vs. minimal) are
sufficiently ambiguous that a fixed value scheme
would likely not be generally applicable. Instead,
values were extracted literally; this would permit
researchers to specify their own search criteria.

While some of these terms map t@aANTITATIVE
concept in the UMLS (e.g. “moderate”), some terms
(e.g. “trace”) do not. Because of this variability,
values were mapped in this phase using a separate
VALUE lexicon. The following terms were identified
from the training set as &ALUE: trace, mild,
moderate, severe, insignificant, trivial, small, large,
minimal, marked, dight, borderline, significant,
modest, critical, subgtantial, less, very, neither,
without, no, not andabsent.”

(2) Training & sentence template recovery: Non-null
semantic types and conjunctiorfs comprising a
sentence formed theconcept pattern for that

sentence. For example, tbencept pattern for:
There is [no] [mitral valve prolapse].
IS
[ VALUE] [ DI SEASE]

Thoseconcept patterns matching 3 or more unique
sentences and containing at least one of the ten study
conditions were added to the system sastence
templates. For example, [ VALUE] [ DI SEASE]

would be added as aentence template since it

matches:
[Trace] [mitral valve insufficiency].
[ No] evidence of [pericardial effusion].
There is [severe][aortic stenosis].

For eachsentence template, a rule was defined which
associates a value term to a concept. For the example
above, this is trivial since there is only one optién
more complicated sentence template looked like this:

[ VAL@SEASE] [ Cowa] [ VAL @EASE]

In this way, both diseases and their associated values
could be identified and extracted.

T The adverb form of each (UE] (e.g. “moderately”) was also
permitted. Value phrases were identified when [WLUE] terms
occurred in tandem (e.g. “moderately severe”), temva value
range was described (e.g. “trace to mild”). Valigestified singly
or as a value phrase were identified as a singhe¥] term.

* Even though conjunctions are not a semantic tyy, were
included in the construction of sentence templagzmuse they
play a significant role in determining distributiohvalue terms
over concepts—in future implementations, the rdleamjunctions
in this context will be further specified.
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(3) Testing and concept-value pair extraction: Once

all sentence templates identified in the training phase
were added to the system, thencept pattern for
each sentence in the test set was identified. If no
concept pattern could be identified for a particular
sentence, no information could be extracted. If a
concept pattern did exist, then it was matched against
the possiblesentence templates. At this point there
were three possibilities-- theoncept pattern of a
given test sentence could:

1. Completely match aentence template,

2. Partially match aentence template, or

3. Not match any of theentence templates.

In the first and second cases, concept-value pairs
were extracted according to what the template
dictated. In the third case, if nho match existed, the
information contained within that sentence was
ignored.

Extracted concept-value pairs were output to a
Microsoft Access database for further analysis.

Methods: Evaluation

Generation of the Reference Standard

The first author is a board-certified internist and is
familiar with the information contained in
echocardiogram reports. Because the objective was to
quantify how well this system could extract explicit
disease findings, the author did not use inference to
conclude disease. Only explicitly reported study
concepts along with their literal values were input
into an Access table. Given the nature of
echocardiogram reports, which is to explicitly state

Information Extraction

Concept-value pairs related to the ten test conditions

were identified from the experimental set using these

mapping rules and were compared with the identified
pairs in the reference standard.

The following definitions were used:

1. True positive (TP): Concept-value pair present in
both reference standard and experimental set.

2. False postive (FP): Concept-value pair found
only in the experimental set. Since values were
matched via an exact string match process, false
positive cases occurred when value terms were
semantically mismatched (“significant” v. “no
significant”), but also when value terms were
lexically mismatched (“(mild) 1+/4+" v. “mild)
1+/4+").

3. False negative (FN): Concept-value pair found
only in the reference standard.

Using these three parameters, recall and precision

measures were calculated as follows:

Recalk= Precision=

TP
TP+FN TP+FF

Results

Corpus Description

Table 1 provides a description of the training and the
test sets. On average the training set (UH1) had 7-8
unique sentences per report; the entire test set (UH1
and UH2) had an average of 4-5. This disparity is

largely due to the differences between the UH1

corpus and the UH2 corpus; the latter had 2-3 unique
sentences per report.

the presence, absence, and degree of disease, in most 1 p\a1: Description of corpus.

cases, there was little ambiguity or need for
inference. In cases where ambiguity was inherent in
the sentence (“either a small pericardial effusion or
an epicardial fat pad”), the condition (“pericardial

effusion”) took on the value that was found

associated with it (“small”).

Mapping Rules
A set of mapping rules was created in order to

normalize the representation of the ten test carditi

in the database. The [EEAsH along with a [BDY

PART] or [ANATOMICAL STRUCTURH characterizes

each condition. For example, the condition “mitral

valve insufficiency” can be mapped from:

» “mitral valve insufficiency [DseAsH",

* “mitral valve BoDY PART]” and “insufficiency
[DiseasH",

*  “mitral [ANATOMICAL STRUCTURE]” and
“insufficiency [DISEASH". .

The set of mapping rules for each concept was used

to group entries by each parent concept. Ultimately,

the goal is to use the concept hierarchy built into the

UMLS to generate these mapping rules.

Train Test
UH 1+UH2 (n=408)
UH?2 (n=220)

Corpus Characteristic UH1 (n=295)

UH1 (n=188)
Total Single | Total Single
2296 1720 1474 1068 494 242|
1390 518 1108 339 576 153 1350 393

Patterns 1255 885 863 581 321 146 1130 698
Unmatched sentences - 105 - 74 - 35 - 109

UH1+UH2
Total Single
1939 1293

Total Single

Unique sentences
Uniquewords

*p-value compares “total" numbers for each paranietthe TRAIN set and the complete TEST sets
(compares both columns in greyed out areas)

Patterns

Table 2 shows the number of total patterns isolated
and the number of templates selected in the training
phase. The discrepancy exists because only those
patterns mapping to one of the ten study conditions
were entered into the system as templates. For
example, only 10 patterns matche8i0 sentences
each. Of these 10 patterns, only 4 mapped to
sentences containing information on at least one of
the 10 test conditions. These 4 patterns matched 903
sentences in the test set demonstrating the abildy of
few templates to extract information from a large
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number of sentences. A total of 55 templates were
used to extract concept-value pairs from 1390
sentences in the test set.

Table2: Pattern analysis

Matched Sentences/Pattern* #patterns 4 templates # sentences
total used
250 10 4 903
10-49 62 14 317
5-9 59 13 89
3-4 91 24 81
Total 160 55 1390

*Each pattern was categorized according to the number of unique sentences it
can map and was grouped as indicated in the first column. The number of
sentences mapped by the templates in that category is shown in the last
column.

Information Extraction

Using the largest test set (all 55 patterns used), 1258
concept-value pairs related to the ten study conditions
were extracted. Table 3 shows the distribution of
extracted pairs over the test conditions. The final
column is a measure illustrating the variable
effectiveness of this method across conditions. This
method works best for extracting “Ejection Fraction”
and worst for “cardiac shunts.” This variability in
performance across conditions suggests how
language use may vary from disease to disease

Table3: Comparison of extraction efficiency among test
conditions

n
Condition Expected Observed i FP (O-FP)/E
€ ©)
Mitral Valve I nsufficiency 389 326 2 0.83
Aortic Valve Stenosis 115 89 0 0.77
Ejection Fraction 450 415 10 0.90
Mitral Valve Prolapse 50 36 2 0.68
Pulmonary Hypertension 45 31 0 0.69
Left Ventricular Hypertrophy 139 18 0 0.13
Pericardial Effusion 330 323 0 0.98
Cardiac shunt (excluding patent 36 2 0 0.06
foramen ovale)
Patent Foramen Ovale, alone 19 8 0 0.42
Valvular Vegetations 14 4 0 0.29
Intracardiac Thrombus 9 6 0 0.67
1596 1258 14

Figure B displays the recall and precision estimates
from the entire test set, as well as each hospial.
expected, performance on echocardiograms from
UH1 outperformed those from UH2, though not
significantly—especially when fewer patterns were
used. Sequentially smaller template bases were
analyzed in order to demonstrate how recall and
precision could be maintained even when small
numbers of templates are used.

By the most conservative estimate-- the system using
all patterns was able to recall 78% of the relevant
findings (95% ClI, 76% to 80%), with a precision of
99% (95% ClI, 98%-99%).
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Figure B: Recall and precision performance in test set.
The precision of the combined result and that of UH1 are
overlaid.

Discussion

Clinical information resides in a wide range of
formats. While some exist in a completely structured
format, others exist as 'free-text’. In the middle of
this  spectrum, however, there lies some
amalgamation of the two, of which echocardiogram
reports are an oft-cited example. Echocardiogram
narrative invariably contains some degree of coded
data, some computer-generated text and some
human-generated text. The number of unique
sentences occurring as singletons and the mismatch
between patterns and unique sentences suggests that
there is clearly opportunity for authors to revisel an
that this opportunity is variably taken. The
discrepancy in the number of unigque sentences at
each institution in the corpus description suggests
that this practice is likely institutional.

There were two goals for this project. First, we
sought an implementation that could reliably capture
explicit concept-value pairs from this more
‘regularized’ narrative. The methods described here,
while not trivial to implement nor necessarily novel,
do leverage publicly available tools and clearly
demonstrates how important clinical data buried
within limited types of narrative can be accessed
without implementing a full NLP system. Second,
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because this system will be used to populate a
research data registry, we emphasized precision. Our
limited evaluation demonstrates high precision at
reasonable levels of recall. Importantly, this high
level of precision was maintained even when fewer
patterns were used suggesting the potential to extract
a significant amount of information with minimal
review of the most frequently occurring patterns.
Despite the reported disparities in complexity
between the two hospital records, the usefulness of
the templates appears to be preserved across
echocardiogram reporting customs.

Limitations

While this method shows promise, there are several
key limitations of this system and of its analysed tha
should be addressed:

(1) Shallow-parsing: Because of the shallow parsing,
most |E systems can only extract what is explicit.
Handling the most common phenomena gets you to
60% relatively quickly—getting to 100% requires
handling increasingly rare phenomena. To get the rest
of this information requires deeper analysis and
inferencd. Because the system was not robust
enough to account for atypical values, certainty or
inference, much data was not captured. The limited
ability to deal with atypical expressions of negation
also accounted for some of the loss in recall and
precision. For echocardiogram reports where positive
as well as negative findings are generally explicitly
noted and canonically expressed, our findings suggest
that this level of analysis is sufficient—especially if
the goal is to preserve precision. This fact, however,
does limit the generalizability of these results taoth
more complex narrative—even in the procedural
domain.

(2) Generation of the reference standard: Hripscak

et al. found that one to two raters were needed to
achieve a reliability of 0.70, and six raters, on
average were required to achieve a reliability of 0.95
in information extraction tasksin this preliminary
evaluation, only the first author generated the gold
standard. This was likely sufficient for two reasons
1.) Findings and their associated values are almost
always explicitly stated in echocardiogram reports,
2.) The purpose of this system was to extract only
explicit relations between a concept and its value. No
attempt was made by either the system or in the
construction of the reference standard to draw
inference from findings suggestive of a condition.
While this restricted analysis likely has the effect of
overestimating the recall of the system, we believe
this effect to be small given the previously noted
characteristics of the echocardiogram narrative.
Future evaluation of the system, however, will adapt
these recommendations.

Conclusions

String matching, concept pattern matching and pre-
defined tagging methods have all been used
successfully to locate information in narrative
records. This paper offers promising evidence of the
utility of concept-based templates in extracting
disease details from a subset of clinical narrative and
shows how public tools can be leveraged to facilitate
the development process.
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