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ABSTRACT
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RESEARCH AND APPLICATIONS

Objective Many tasks in natural language processing utilize lexical pattern-matching techniques, including information extraction (IE), negation
identification, and syntactic parsing. However, it is generally difficult to derive patterns that achieve acceptable levels of recall while also remaining
highly precise.
Materials and Methods We present a multiple sequence alignment (MSA)-based technique that automatically generates patterns, thereby leveraging language usage to determine the context of words that influence a given target. MSAs capture the commonalities among word sequences and
are able to reveal areas of linguistic stability and variation. In this way, MSAs provide a systemic approach to generating lexical patterns that are
generalizable, which will both increase recall levels and maintain high levels of precision.
Results The MSA-generated patterns exhibited consistent F1-, F.5-, and F2- scores compared to two baseline techniques for IE across four different tasks. Both baseline techniques performed well for some tasks and less well for others, but MSA was found to consistently perform at a high
level for all four tasks.
Discussion The performance of MSA on the four extraction tasks indicates the method’s versatility. The results show that the MSA-based patterns
are able to handle the extraction of individual data elements as well as relations between two concepts without the need for large amounts of
manual intervention.
Conclusion We presented an MSA-based framework for generating lexical patterns that showed consistently high levels of both performance and
recall over four different extraction tasks when compared to baseline methods.
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OBJECTIVE
Many tasks in natural language processing (NLP) utilize lexical pattern-matching techniques, including information extraction (IE), negation identification, and syntactic parsing. Existing pattern formulation
constructs, such as regular expressions, enable the generation of lexical patterns that can precisely capture specific sequences of tokens
while enabling approximate matching through the use of wildcards
and other flexible mechanisms. Though much NLP research has focused on applying machine learning techniques, the declarative and
transparent nature of lexical patterns, which makes them easy to understand and maintain, can be very advantageous for processing
large-scale data both accurately and robustly for real-world
applications. A recent study has shown that commercial IE systems
are mostly rule-based, and very few have adopted machine learning
methods, because they must deal with dynamic requirements that demand the interpretability of rule-based systems.1 However, the main
disadvantage of using rule-based systems is that crafting high-quality
and high-performing patterns can be both challenging and labor-intensive. Thus, methodologies that automate the pattern generation process will become increasingly important as the need to process and
analyze large-scale textual data continues to grow.
Current automated pattern generation systems typically leverage
static windows of tokens (eg, two to four words) and the resulting
patterns can often handle some degree of variation between each token. However, the variation built into these patterns may not reflect
the language usage in the text of documents being processed.
Phrases of interest within documents may exhibit a high level of

variation in some areas and consistency in others, and patterns used
to identify these phrases must be designed to account for these differing regions of variation and stability. In this paper, we present an automated pattern generation methodology that uses multiple sequence
alignments (MSAs) to capture the commonalities and disparities between groups of phrases in order to systematically identify areas of
conservation and variability. We show that this technique is able to
generate high-quality lexical patterns using minimal manually annotated data over several IE tasks when compared with patterns generated using static token windows.

BACKGROUND AND SIGNIFICANCE
This work is closely related to NLP research focusing on characterizing
the context of words or phrases using lexical, syntactic, and semantic
features. A simple, and often effective, way of defining context is using
a bag of words that surround the target. This technique has been successfully applied to several NLP problems, including word sense disambiguation,2 text classification,3 and information retrieval.4 To
recover information lost by ignoring word order, n-grams have been
utilized as a straightforward method of including sequential characteristics in models of context.5 Information retrieval systems represent
contexts as vectors in word or n-gram space and calculate similarity
between contexts using a standard distance metric (eg, cosine).6 To
more fully capture word order, sequence models are often used to
characterize the language generation process and the relationships
between tokens and previously occurring information. These methods
often take the form of Hidden Markov Models7 or Conditional Random
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MATERIALS AND METHODS
Determining Context
The usage-based theory of language is a formalism for modeling language acquisition and states that the meaning of language is highly
dependent on how it is used.29 Thus, to determine the meaning of a
target word or phrase, it is necessary to characterize its usage.
Fundamentally, this takes the form of identifying the target’s context,
which are the words and phrases that influence and shape the target’s
meaning. In general, accurately identifying this context is a difficult
task. Lexical proximity may provide some general guidance, but identifying the specific words and phrases that determine the meaning of a
target is a nontrivial task. Figure 1 shows a simple example where lexical proximity alone would not provide a definitive determination of the
context for the phrase “right upper lobe.” Our hypothesis is that particular word sequences that frequently occur with a target will most influence its meaning, and robustly identifying these phrases will lead to
accurate delineations of the target’s context. If the same phrase is
continually co-located in proximity to targets across several documents, MSAs can be used to model the basic form of the phrase as
well as any lexical variations that might occur (eg, addition/deletion of

Figure 1: Determining the words that make up the
context of a target is a nontrivial task. Using distance
does not favor one context over the other for the example target.

one or two words). This work extends and further generalizes previous
research using MSAs for IE as well as other NLP tasks.30–33
Generating Multiple Sequence Alignments
A brief description of our MSA generation algorithm is given here, with
additional details provided in the supplementary materials. We employed a simple algorithm that progressively constructs MSAs by incrementally adding the results of the pair-wise local alignment of
sentences. The basic idea is that after a pair-wise local alignment has
been formed, the aligned sequences are added to an MSA that shares
the same common tokens. The tokens that are common among all sequences within an alignment will be referred to as base tokens. We
used the Smith-Waterman approximate local alignment algorithm to
perform the pair-wise local alignments with a trivial scoring (or substitution) matrix that returns a positive value (eg, 1.0) for all exact
matches between two tokens and 0.0 for everything else.34 To ensure
that targets are always included in alignments, their match score was
set to be much higher than the match score for other tokens (eg,
100.0). Semantic distance between tokens in general was not codified
within the scoring matrix for the work reported in this paper and is left
to future research. The gap penalty was set to a small negative number (eg, 0.01) to give the algorithm freedom to insert a limited number of gaps. Figure 2 shows the sequences of a pair-wise local
alignment between two sentences using the Smith-Waterman algorithm, where gaps have been inserted into the top sequence to optimize the overall alignment. The alignment itself is shown within the
dotted rectangle and tokens shown in light gray boxes are base tokens, tokens shown in dark gray show areas of variation, and tokens
shown in white were not included in the pair-wise alignment. A maximum allowable number for gaps inserted into the pair-wise local
alignment can be enforced to maintain a desired level of similarity
among phrases clustered within the same MSA.
Once the Smith-Waterman algorithm generates an alignment, a
search is run for an existing MSA that contains rows with the same
set of base tokens as the alignment. If such an MSA is identified, both
sequences in the pair-wise alignment are added to the MSA. Adding a
sequence to an MSA involves inserting gaps into either the sequence
that is being added and/or into the MSA’s existing rows in order to
preserve the alignment of the base tokens. This process is repeated
for both sequences in the pair-wise alignment. If there is no MSA that
matches the pairwise alignment’s base tokens, a new MSA is created
using the sequences in the alignment as the initial rows.
The MSA-generation algorithm uses a set of sentences that contain a specific type of target, such as a number, date, or anatomy
phrase, as input. The type of target being used will depend on the
task this technique is being used to accomplish. In the case of numbers, the possible task could be the extraction of tumor sizes from
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Fields8 for modeling language semantics as probabilistic transitions
between states. Other machine learning algorithms utilize a full range
of features to generate statistical models of contexts. These features
range from the word itself, to various lexical features of the words (eg,
capitalization, word endings), to part of speech tags, to semantic labels from a specified ontology.9,10
Much work has been done on IE methodologies and systems over
the past several decades. Early systems were mostly rule-based, and
methodologies focused on automating the rule generation process,
while later systems utilized machine learning or hybrid approaches
that integrate aspects of both techniques.11,12 There has also been
much work in the medical informatics domain on IE systems for clinical documents. Approaches mirror those of general IE and range from
rule-based13–17 to machine learning18–21 to hybrid systems.22–24
The techniques that are most relevant to this work are IE systems
that automatically generate extraction rules for individual concepts or
relations. An earlier seminal work on automatically generating rules
utilized annotated examples for training and syntactic clausal boundaries to determine the window of tokens.25 More recently, Riloff26 describes a methodology for generating extraction rules for relations by
identifying pairs of concepts that are known to have a target relation
and generating patterns based on words that lie between any two instances of known concepts. Yang and Cardie27 presents a rule-based
IE system that uses a window of two to four words around the target
to generate candidate rules. The rules are then scored using partially
labeled data and approximately matched against text to perform extraction. Gupta et al.28 generates candidate rules using a seed of target entities and uses the presence of trigger words to determine the
window of words for generating rules. The rules are eventually codified as finite automata for the matching process.
Though sharing the same overall goals with the previously mentioned work, the method described in this paper differs in that it automatically captures context as a window of words surrounding a target
by leveraging patterns of language use. Instead of relying on phrasal
boundaries based on syntactic analysis or utilizing a static window of
words, the methodology generates dynamic contexts based on commonly used phrases. These commonalities are summarized within
MSAs that reveal areas of variation and/or stability within groups of
similar phrases.
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Figure 2: Pair-wise alignment of two sentences,
where the light gray shaded boxes represent matched
tokens (base tokens) while the dark gray shaded
boxes represent tokens that have been inserted. White
boxes indicate tokens that do not participate in the
alignment.
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Figure 3: An example MSA generated from the common tokens of several different sentences that share
the same target. The MSA clearly shows the areas of
stability and variation among the different sentences.

Figure 4: Matching a pattern with a sentence is a
pair-wise alignment with the inclusion of wildcards
that can be matched against any token. In addition, to
be considered a successful match, all tokens within
the pattern must correspond with a token in the.

Table 1: Example Extraction Patterns for Relations
Between Nodule Size and Anatomy Location
there be * <target> * mm * <nodule> in the <anatomy>
<anatomy> * <number> mm * previously <target>
<nodule> * in * the * <anatomy> * measure <number> x <target>
mm

Particular types of tokens, such as numbers (<number>), nodule
types, including tumor, lesion, nodule, and opacity (<nodule>), and
anatomy phrases (<anatomy>), were replaced by generic symbols.
Target phrases are represented by <target> and wildcards are represented by asterisks. Words have been normalized to their root forms.

chest radiology reports, because numbers are the most generic form
of measurements. Note that a sentence may contain more than one instance of a target and, thus, the target could occur multiple times in
the sentence set and focus on a different target instance for each occurrence. Pair-wise, the algorithm locally aligns each sentence with
every other sentence in the set and builds MSAs using the process described above. The end result of the algorithm’s run will be a set of
MSAs that each represent a cluster of similar phrases that commonly
occur in proximity to the target of interest (eg, numbers). Figure 3
shows an example MSA in which several sequences with the same
set of base tokens (a, mass, in, the, <target>) have been aligned
together.
Certain types of tokens or phrases were given generalized symbols
in place of the original text in order to reduce variation and increase
normalization, such as “<number>” for numbers and “<target>”
for the target. Care must be taken when using these types of generalizations, because potentially vital semantic information can be lost (eg,
indications of temporality when verb tenses are ignored). Also, all tokens were preserved and no stop words were removed.
Lexical Patterns from MSAs
The generated MSAs now form the basis for the lexical patterns that
can be utilized for extracting targets or relations involving targets.
Each column of an MSA can be summarized using either a token for
stable columns (base tokens) or a wildcard (asterisks) if the column
contains variation, and summary information from all columns concatenated together determines the MSA’s lexical pattern. Matching an
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MSA-based lexical pattern with other text is basically a pair-wise
local alignment between the two. The previously described alignment
mainly differs in that lexical patterns have wildcards that can match
any token. In addition, every base token in the lexical pattern is required to match a corresponding one within the text. The reason for
this is that MSA-based patterns are assumed to represent phrases
that are complete semantic units, and any modification of the base token sequence may alter the meaning of the phrase. Similar to the approximate local alignment described previously, targets from both
sequences must align, and a maximum number of inserted gaps allowed can be enforced. An example of a lexical pattern being aligned
with a sentence is shown in Figure 4. Note that gaps can be inserted
into the lexical pattern as long as all base tokens have been aligned.
Table 1 shows three extraction patterns generated for extracting relations between nodule sizes and locations (numeric values representing
sizes are targets).
Clinical Application
The clinical application of this research is the automatic determination
of lung cancer patient status based on the RECIST 1.1 criteria35 using
information gathered from radiology reports. In order to automatically
evaluate patient status using RECIST, specific data elements need to
be obtained from the medical record, including tumor size, tumor location, the existence of metastases, etc. RECIST tracks changes in size
of one or more target tumors over time and determines whether the
patient’s disease is stable, worsening, or improving. In terms of facilitating IE, RECIST provides a structured framework that clearly indicates the data elements that need to be extracted.
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Figure 5: System workflow. Sentences containing targets are first identified from documents and a subsample is set aside for both generating and scoring
patterns. Scoring is based on a manually annotated
set of instances. The scored patterns are then
matched against sentences containing yet-to-be-extracted targets.

Extraction Tasks
The system was trained to extract lung nodule type, anatomic location,
and size from within chest radiology reports, using four extraction
tasks: 1) extracting relations between lung anatomy phrases and nodule types; 2) identification of numeric values that are measurements
or sizes; 3) extracting relations between sizes and lung anatomy locations; and 4) extracting relations between sizes and dates. Figure 6
shows the four extraction tasks using a specific example, where some
markings have been left out to preserve clarity.
Document Set and Preprocessing
We gathered a set of 7365 chest radiology reports from the UCLA
healthcare system’s electronic medical records and processed them using a GATE NLP pipeline36 that included annotators for tokenization, sentence splitting, part of speech tagging, morphological analysis, detection
of dates and numbers, and the MetaMap Unified Medical Language
System concept mapping tool.37 The resulting set of over 6.5 million annotations covering 11 annotation types was stored in a MySQL relational
database to facilitate further processing by other applications.
Gold Standard Annotation
One thousand targets were randomly sampled for each of the four
extraction tasks, then manually annotated. For tasks that identified

relations between the target and another concept, the target was labeled
with the concept being related. Thus, all lung anatomic locations were
labeled with nodule types (eg, nodule, tumor, or lesion) for Task 1, numeric values representing nodule measurements were labeled with lung
anatomic locations for Task 3, and dates were labeled with nodule sizes,
if they described the size’s temporality, for Task 4. For Task 2, numeric
values were labeled either as “yes” or “no” for indicating a measurement. As an example of the annotation process, in the sentence, “The
left upper lobe mass has increased in size from 12  13 mm on 1/1/
2014 to 14  14 mm on 4/1/2013,” the lung anatomic phrase “left upper lobe” would be labeled with the word “mass” as the nodule type.
The numeric values “12” and “13” would be labeled with “left upper
lobe” as their associated anatomic location, to indicate that they are
nodule sizes, as well as the date “1/1/2014,” to indicate their
temporality.
Evaluation Procedure
We evaluated the methodology using the following process for each
task. MSAs were generated by the previously described algorithm using sentences containing target instances that were not included in
the gold standard. Extraction patterns were derived from the generated MSAs and were ordered from longest to shortest length (measured by number of words). The 1000 manually annotated target
instances from the gold standard were divided into a scoring set (400
instances) and a validation set (600 instances). The extraction patterns
were scored as positive or negative based on their accuracy (determined by using the scoring set). For scoring, each pattern was
matched against every instance of a target in the scoring set, and the
precision of the pattern was calculated. If the precision exceeded a
predefined threshold (eg, 80%), the pattern would be labeled positive,
and, otherwise, it was labeled negative. Each sentence containing a
target instance in the validation set was then matched against the ordered list of extraction patterns. The best-matching pattern was determined to be the first (longest) pattern that matched all of its base
tokens while maintaining the number of gaps below the predefined
maximum. If a sentence matched both a positive and negative pattern,
the target instance would be labeled as negative, if the negative pattern was a proper superset of the positive pattern. The F1-score, F.5score, and F2-score were used as performance metrics. We compared
our MSA-based technique with a baseline window-based pattern
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Pattern Generation Workflow
The overall workflow of the pattern generation methodology is similar
to typical processes for generating IE patterns. As shown in Figure 5,
targets such as anatomy concepts, dates, or numbers were first identified within the documents. Next, for a given target, a random subsample of target instances is drawn from the full set of instances, and
each is manually annotated for a specific extraction task (eg, determining the anatomical location of lung nodules). The annotated instances are then used both to score patterns, to determine positive or
negative cases, as well as to validate the performance of the extracted
patterns after they are scored. The patterns themselves are automatically
generated using MSAs and are divided into positive and negative, depending on the score assigned using the manually annotated subsample.

Figure 6: Extraction tasks. Task 1 extracts the relation
between nodule types and anatomy locations, Task 2
extracts nodule sizes, Task 3 extracts the relation between sizes and anatomy locations, and Task 4 extracts the relation between sizes and dates. Some
markings have been left out, to preserve clarity.
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Table 2: Results of MSA Compared with Bwin and Bdist for F1, F.5, and F2-scores with Precision and Recall Shown in
Parentheses (P, R)
Task

MSA

Bwin

Bdist

F1-score

0.940 (0.919, 0.962)

0.880* (0.907, 0.855)

0.935 (0.892, 0.983)

F.5-score

0.935 (0.943, 0.907)

0.916 (0.946, 0.812)

0.909

F2-score

0.963 (0.882, 0.985)

0.865* (0.907, 0.855)

0.963

F1-score

0.987 (0.987, 0.987)

0.987 (0.993, 0.981)

–

F.5-score

0.991 (0.993, 0.981)

0.991 (0.993, 0.981)

–

F2-score

0.978 (0.987, 0.987)

0.986 (0.981, 0.987)

–

F1-score

0.940 (0.896, 0.988)

0.893* (0.918, 0.870)

0.920 (0.886, 0.956)

F.5-score

0.934 (0.949, 0.877)

0.908 (0.918, 0.870)

0.900*

F2-score

0.970 (0.883, 0.994)

0.879* (0.918, 0.870)

0.941

F1-score

0.924 (0.963, 0.889)

0.922 (0.981, 0.871)

0.747* (0.599, 0.991)

F.5-score

0.955 (1.00, 0.838)

0.967 (1.00, 0.855)

0.650*

F2-score

0.919 (0.849, 0.939)

0.918 (0.918, 0.918)

0.876

Task1

Task 2
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Task 3

Task 4

Bold values indicate the highest score for each row and an asterisk shows that MSA’s result is statistically significant over this value (p <.05).

generation methodology – Bwin. Bwin patterns were generated by varying a window that extends from 1 to 11 words on either side of the
target and generating an extraction pattern for each possible configuration of the window. For instance, a pattern was generated for one token to the left and one token to the right of the target, and another
was generated for one token to the left and two tokens to the right,
etc. The patterns generated by Bwin contain no wildcards, but approximate matching is implemented by inserting gaps during the matching
process. For extraction Tasks 1, 3, and 4, which identify relations, a
second baseline method, which extracts relations with targets by finding concepts with the shortest distance from the target (Bdist), was
also compared to the MSA-based technique. Multiple evaluation runs
were made by varying the values for the positive/negative pattern
scoring threshold and the maximum number of gaps allowed when
matching against text. The positive/negative threshold affects the precision of positive patterns, and, if set to high values (eg, 0.99), high
levels of precision can be achieved. Higher numbers of gaps allowed
in the alignments increases the flexibility of the patterns and improves
overall recall, because this enables more approximate matches between extraction patterns and text. See supplementary materials for a
more detailed explanation of the baseline methods.

RESULTS
Table 2 shows the results for all extraction tasks comparing the F1,
F.5, and F2 scores of MSA and Bwin. For Tasks 1, 3, and 4, the scores
were also compared with Bdist. The highest values are shown in bold,
and values with an asterisk indicate that MSA is statistically significantly better based on approximate randomization.38
Table 3 shows the number of candidate patterns generated for
each method
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Table 3: Number of Patterns Generated by MSA vs.
Bwin for Each Extraction Task.
Task

MSA

Bwin

1) Nodule location

115 175

539 686

2) Nodule size

10 194

196 984

3) Nodule size location

61 307

305 552

2041

34 923

4) Nodule size date

DISCUSSION
The overall results show that MSA performed the most consistently
across the four tasks and attests to the versatility of the pattern generation process. The F1, F.5, and F2-scores were chosen as comparison
metrics, because they test different importance weightings of precision and recall relative to one another, where F1 balances them
equally, F.5 emphasizes precision, and F2 emphasizes recall.
Bwin is an exhaustive enumeration of word sequences surrounding
a target type within the training set (up to 11 tokens on either side)
and is a greatly expanded and more complete version of typical current IE pattern generation techniques. Thus, it was expected that
Bwin’s precision would be very high and that recall would also be reasonable, because some approximate matching to generalize the patterns would be allowed. As seen in the results, Bwin did indeed
perform well for all metrics, and the precision for the F.5 scores was
always relatively high, but Bwin ran into some difficulty on Task 3 on
which it was outperformed by both MSA and Bdist. For its simplicity,
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CONCLUSION
We presented a methodology for automatically generating patterns for
IE systems within the clinical domain. This technique addresses one of
the major drawbacks of using rule-based IE systems, which is the difficulty and labor-intensive nature of manually crafting high performing
rules. We demonstrated that our MSA-based pattern generation technique was able to generate extraction rules that performed consistently
across four different extraction tasks compared to two baseline methods. MSA also generated far fewer candidate patterns compared to a
sliding window method, making it more computationally efficient.

Overall, MSAs show much promise as a utility for systematically determining variation and stability for NLP lexical patterns.
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