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Abstract

Dictating clear, readable, and accurate clinical notes can be a
time-consuming task for physicians. Clinical notes often contain
information concerning the patient’s medical history and cur-
rent medical condition which is propagated from one clinical
note to all follow-up clinical notes for the same patient. In this
paper, we present a system which, given a clinical note, auto-
matically determines what information should be repeated, and
then generates this information for the physician for a new clin-
ical note. We use semantic patterns for capturing the rhetorical
category of sentences, which we show to be useful for determin-
ing whether the sentence should be repeated. Our system is
shown to perform better than a baseline metric based on preci-
sion/recall results. Such a system would allow clinical notes to
be more complete, timely, and accurate.
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Introduction

Within a series of clinical notes for a given patient, some of the
patient information is often repeated, being carried over from
one clinical note in the series to the next. Physicians often spend
much time both determining what information needs to be re-
peated and re-dictating this repeated information when creating
a follow-up clinical note for a given patient. This paper de-
scribes a methodology to automatically determine what informa-
tion should be repeated in a new note, given as input a previous
note for the same patient in the same series of notes. Our belief
is that such a system can reduce the total amount of time needed
to generate patient clinical notes and can also lead to more com-
plete and accurate notes. Completeness is achieved because the
system will always propagate to subsequent notes information
designated by the physician to be repeated. The accuracy of the
repeated information is dependent on the accuracy of the previ-
ous note(s) in the series and there is the ever-present danger of
propagating erroneous information. With a user interface which
clearly presents the repeated information to the physician, the
content of each clinical note can be thoroughly reviewed.

Work in structured reporting [1, 2] has addressed the issue of re-
ducing the amount of time for a physician to generate routine pa-
tient reports. Many of these systems utilize templates, which
provide a general structure of the report and allow the physician
to fill in the details, and macros, which allow the physician to use
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a type of shorthand to generate text for the report [3]. Though
these systems can allow faster generation of reports, they are
good only for generating patient information which does not
change from patient to patient. Clinical notes often contain some
amount of patient information shared among most patients, but
often the repeated information depends on the particular pa-
tient’s presentation and history.

The determination of repeated patient information is similar to
generating a summary of the clinical note. Text summarization
addresses the issues of automatically identifying and extracting
the key information within a document [4, 5, 6]. Generating re-
peated patient information may be a less complex task than text
summarization in that clinical notes often contain language
which is more constrained and less variable.

Methods

Text Summarization

Work in text summarization research has taken several forms.
Our task is most closely associated to text summarization extrac-
tion [7], which extracts segments of the original document to be
used in that document’s summary. This technique does not in-
volve text generation, which is the case with summary abstrac-
tion [8]. We believe extraction for generating repeated patient
information is more suitable than abstraction for the following
reasons:

1. Physicians often use particular phrases to describe medi-
cal observations or events, and a system which automati-
cally generates text may incorrectly convey vital
information.

2. There is usually no need for the system to generate new
text because the repeated information is often copied
over to the next report by the physician (sometimes ver-
batim).

Our techniques draw from ongoing work being done in text sum-
marization, but we have tailored some of the existing methodol-
ogies to better suit the needs of our problem domain.

Generating Repeated Patient Information

Figure 1 shows the overall functional diagram of the system we
describe in this paper. The system requires a past clinical note
as input and, using the information contained in it, generates the
repeated patient information for the subsequent note.
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Figure 1 - System Diagram

Repeated patient information can contain standard patient infor-
mation, such as the patient’s name, age, or ethnicity, or it can
contain information which may change from patient to patient,
such as the patient’s primary symptoms or illness or the patient’s
medical history. The following is an excerpt of a typical clinical
note:

This patient has very profound general problems. He
was born with the cord doubly wrapped around his neck
Jjust before birth. There was severe loss of fetal heart
rate. He was delivered by cesarean section, but unfortu-
nately has been profoundly retarded and quadriplegic
since then. He is always in a wheelchair. He is unable to
feed or dress himself or respond in any meaningful way.
He has no language skills. He has had extensive trouble
with gastroesophageal reflux and is now fed entirely by
an gastrostomy tube. He also has had severe scoliosis
for which there has been an anterior fusion. More
recently, the problem has been one of hematuria and
blood in the urine.
Typically, physicians begin by indicating the major presenta-
tions of the patient. As the note progresses, the purpose of the
current visit is mentioned as well as some other patient history.
The following is an excerpt from the next note in the series:

This patient had a severe problem at birth with the cord
double wrapped around his neck when he was born.
There was severe loss of fetal heart rate and he suf-
fered irreversible ischemic cerebral damage. He has
significant problems with severe retardation. He is
quadriplegic. He is fed with a gastrostomy tube. We
have been having a number of urinary and fecal prob-
lems with this patient.

The italicized portions show the patient information that was
carried over from the first note.

Semantic Patterns

The basis for determining what information is repeated in our
system is the semantic pattern. Semantic patterns have been
used for information extraction [9, 10, 11, 12], paraphrasing
[13], and other natural language processing applications. In our
work, a semantic pattern is defined to be a sequence of semantic
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classes which has a one-to-one correspondence with a sequence
of words and phrases in a clinical note. A semantic class is a cat-
egorization of a word or phrase which semantically identifies the
concept the word or phrase represents. For instance, the word
“disease” is represented by the semantic class “pName.abnor-
mality”. This means that it is a word that represents an abnor-
mality in a patient. We use a natural language processor [14]
which is capable of automatically assigning words and phrases
to one of over 250 semantic classes. Figure 2 shows an example
of a semantic pattern, illustrating its three components. Match-
ing between two semantic patterns is defined to be a matching
between their two associated semantic class sequences.

sentence

| |This patient presents with severe
urinary incontinence.

category FINDING

pNounOrDet.this
person.patient
relation.exist.observed
“— pos.with
pValue.severity
physobj.anat
condition.abnormal

semantic classes

Figure 2 - Example Semantic Pattern

Categorizing Sentences using Semantic Patterns

The rhetorical status of sentences has been used successfully for
text summarization [7], where each sentence is categorized
based on its role in the document. We propose a similar ap-
proach to categorizing sentences in clinical notes. Whereas in
[7], a Bayesian classifier [15] was used to automatically catego-
rize sentences, our methodology uses semantic pattern match-
ing. We have found that sentences of certain categories have a
better chance of being repeated by the physician than sentences
of other categories. For example, sentences which state a find-
ing of a patient were found to be more readily repeated than sen-
tences which reflect the physician’s assessment of the patient’s
condition. To be more precise, for our corpus of urological clin-
ical notes, we found that for sentences which state a urological
finding of the patient, the repetition rate was 92%. It can be con-
cluded that the rhetorical category of a sentence is a good indi-
cator of whether that sentence will be repeated. We termed this
particular set of sentences FINDING sentences, because they re-
flect findings of the patient by the physician. Examples of
FINDING sentences would be, “the patient presents with menin-
gomyelocele with a neurogenic bladder secondary to that” and
“she is completely incontinent”. Other sentence categories were
also identified and these were used by the system to aid in differ-
entiating FINDING sentences from other types of sentences.
These categories include NORMAL (the patient has no abnor-
mality), ASSESSMENT (the physician’s assessment of the pa-



tient’s situation), OBSERVATION (an observation made about
the patient), TREATMENT (treatments the patient is undergo-
ing or will undergo), DISCUSSION (communication with other
physicians or family members), PSH (past surgical history),
FMH (family medical history), EVALUATION (results of tests
or examinations), and RECOMMENDATION (the physician’s
recommendation concerning the patient).

The major role that rhetorical categories play is to provide a
clear definition of what exactly is repeated patient information.
Our goal in the future is to provide a detailed set of rhetorical cat-
egories to the physician and allow the physician to determine,
according to his/her needs, what type of information should and
should not be included in repeated patient information. This
would be done either implicitly, by training the system using a
corpus of past clinical notes, or explicitly, by allowing the phy-
sician to tell the system which rhetorical categories should al-
ways be repeated.

Matching Semantic Patterns

Given an initial clinical note, the system uses a sentence bound-
ary detector to decompose the note into its constituent sentences.
Each sentence is matched against the patterns contained in the
system’s pattern set. The closest matching patterns will deter-
mine the sentence’s categorization. The system’s pattern set is
generated beforehand using a tagged training corpus which will
be discussed in more detail later.

The edit distance [16] has been widely used for approximate
string comparison and is based upon the number of string edit
operations needed to transform one string into the other. The
edit distance metric is the least number of operations needed to
do this transformation. Typically, string edit operations consist
of inserting, deleting, or replacing characters. The edit distance
was chosen over other metrics because it takes into consideration
the order of the string, but it allows for approximate matches.
Since order is important when dealing with semantic patterns in
natural language, this metric is more suitable than other classifi-
cation metrics such as naive Bayesian classifiers, which treat se-
quences of words as having no inherent order.

Because the constituent phrases of a given sentence could belong
to several categories (e.g., a complex sentence composed of sev-
eral simple phrases), we would like to mateh subsequences of the
sentence against the patterns in the pattern set. We chose the
Smith-Waterman algorithm [17], which is an edit-distance-relat-
ed algorithm based on dynamic programming and is designed for
approximate subsequence matching. The algorithm was found
to perform well in determining whether a complex sentence con-
tains a phrase which is similar to the phrase represented by the
pattern it is being matched against. To optimize performance
and also to focus the domain, a sentence is only matched against
a pattern if the sentence contains all of the pattern’s associated
keywords. Keywords of a pattern are those words which form
the basis of the pattern’s meaning. These keywords are assigned
during the tagging process (described in detail later). For match-
ing a sentence with a pattern from the pattern set, a sequence of
semantic classes is generated for the words in the sentence. The
similarity score is then computed between the pattern’s semantic
class sequence and the sentence’s semantic class sequence. Fig-

655

ure 3 shows an example of a sentence being matched against a
pattern.

sentence
She has a severe neurogenic bladder of type 4 with inadequate urethral control mechanism

ﬂ Generated semantc class sequence

| pm:i exist.be [det] seven’zyl abnoml ammmu{ prep.oj diseﬂseSlag1 prepwilhi quah.y.i

O . N

pattern

mw semartic class sequence

=

He has severe phimosis  sentence

Figure 3 - Pattern matching

The highest scoring pattern when matched against a sentence us-
ing Smith-Waterman was used for determining the sentence’s
category. This is shown in the following equations, where PS is
the pattern set, s is the sentence being matched, cat(x) is the rhe-
torical category of x, and scoregyy is the Smith-Waterman score:

Py = p|maxpe psiscoresw(p, s)}

cat(s) = cat(p,,,)

Tagging the Corpus

The system’s pattern set was generated using a tagged training
corpus. Each sentence in the corpus was tagged by a human tag-
ger to determine its rhetorical category. As mentioned, sentenc-
es often contain phrases belonging to several categories, so each
sentence often was broken up by the tagger into several phrases
and the individual phrase’s category was tagged. An example of
a tagged sentence with two tagged phrases is shown below:

[He also has had repeated urinary tract calculi]
FINDING:has:abnormal which [we have been treating]
TREATMENT :treating largely conservatively.

The above sentence, “He also has had repeated urinary tract cal-
culi which we have been treating conservatively” is broken up
into two phrases shown in bold. The tags of each phrase are
shown in italics. The phrase “He also has had repeated urinary
tract calculi” indicates the category FINDING and the phrase
“we have been treating” indicates the category TREATMENT.
In this example, the two phrases become the basis for two se-
mantic patterns. Keywords are shown in the tag following the
category name. The FINDING phrase, has associated with it the
set of keywords “has” and “abnormal” and the TREATMENT
phrase has “treating” as a keyword. The keyword “abnormal”
refers to the semantic class of all abnormalities. A future direc-
tion of our work is to allow the system to automatically deter-
mine the salient keywords for each rhetorical category.

Results

For evaluation, the system’s pattern set was generated based on
tagged data described in the previous section. We generated



1060 patterns using approximately 650 tagged sentences. Our
test corpus consisted of 162 sentences which mention urological
abnormalities. For determining correctness, we tagged the test
corpus sentences as to whether the sentence was actually repeat-
ed by the physician or not. The following rule of thumb was
used: within a series of clinical notes for a particular patient,
sentence A was deemed repeated by the physician if there exists
another sentence B within any following clinical note which
contains basically the same content as A. Exceptions to this rule
include cases where A is mentioned for a particular examination,
and B, containing the same basic content as A, is mentioned in
the context of an entirely different examination. A and B, in this
case, would not be considered a repeating pair of sentences.

We compared our system with a “Baseline” metric, which uses
the position of a sentence in the note to determine the score for
that sentence. Baseline assigns a score which is indirectly pro-
portional to the sentence’s distance from the beginning of the
note, where the sentence closest to the beginning is assigned the
highest score. The reasoning behind Baseline is that sentences
that are located towards the beginning of the note are often in-
cluded in the repeated patient information. We found that Base-
line performs surprisingly well overall and was a good metric
with which to compare our semantic pattern-based approach.

The results are presented in Comparison of Semantic Patterns
and Baseline as a recall versus precision graph, where the X-axis
represents the 11 standard levels of recall (0 — 100%) and the Y-
axis represents the precision level. Our Semantic Patterns ap-
proach is shown as diamonds and Baseline is shown as squares.
As can be seen, Semantic Patterns outperformed the Baseline
overall, showing that semantic patterns are effective in capturing
the features necessary to determine the FINDING rhetorical cat-
egory of a sentence. We believe that even better results can be
obtained given more training data.

Precision/Recall
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Figure 4 - Comparison of Semantic Patterns and Baseline

Discussion

The main contribution of this work is the use of a semantic pat-
tern-based approach for automatically determining what patient
information should be repeated in a clinical note. Semantic pat-
terns were shown to be able to capture enough information to de-
termine the rhetorical category of sentences contained in clinical
notes. This is because semantic patterns representing the sen-
tences of clinical notes reflect the way the author of the docu-
ment intended to convey information concerning a certain topic
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or concept. We were able to show that physicians often repeat
sentences of certain rhetorical categories, such as sentences
which state facts of the patient’s presentation. We used the
Smith-Waterman algorithm for finding the similarity between a
sentence and a pattern representing a particular category. This
algorithm was chosen because of its capability to match subse-
quences within larger sequences. Since many of our patterns
were phrase-based, this turned out to be a good choice.

Future work will consist mainly of improving the matching pro-
cess between two semantic patterns. Work is currently being
done to utilize the syntactic structure of language to prune out
unnecessary phrases before a match score is calculated. This
will help focus the similarity metric. There is also work current-
ly underway which is focusing on determining semantic equiva-
lence on the phrase level, which will allow the system to
correlate semantic patterns that do not look alike on the surface
but have the same underlying meaning. Determining the penalty
for mismatches between subsequences is an issue that also needs
to be addressed. We are looking into using a correlation metric
such as mutual information to determine the crucial words of a
particular rhetorical category.

Finally, repeated information in clinical notes is not limited to
just propagating the same patient information from the first note
to the last. Physicians often add new findings, test results, or
procedures performed which become part of the patient’s ongo-
ing medical history. This new information either comes from a
previous clinical note, or it may come from other source docu-
ments such as surgical, radiology, or laboratory reports. Our
system must also be able to synthesize and summarize this new
information and include this as new repeated patient information
in subsequent clinical notes.

Conclusion

We presented a methodology for automatically generating re-
peated patient information in a series of clinical notes using nat-
ural language processing and semantic patterns. Semantic
patterns are used to determine rhetorical categories for sentences
in the clinical notes, and based on the rhetorical category, the
system determines whether the sentence should be repeated in a
subsequent note or not. Our system was trained on a corpus of
urological clinical notes, and it was able to categorize sentences
into several rhetorical categories better than a reasonable base-
line metric based on a precision/recall measurement. We believe
this methodology shows great potential in being able to reduce
the amount of time and effort physicians must spend for gener-
ating and maintaining patient records.
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