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Abstract— Previous studies have shown anesthesia type 
administered during operations can influence postoperative 
pain outcomes. However, researchers cannot quickly analyze 
anesthesia type in large studies from electronic health 
records because of their unstructured data format. In this 
study, we show the development, implementation, and 
evaluation of a natural language processing (NLP) pipeline, 
a series of Python-programmed rules built to classify 
different types of anesthesia type based on textual features 
within the free text of operative notes. The first pipeline 
attained a precision score of 1 out of 1 and recall score of 0.96 
out of 1 on 100 post-operative notes annotated by a clinician. 
After initial revision and testing on independent data, the 
second pipeline’s overall precision score of 0.88 and recall 
score of 0.77 suggests a need for more robust dictionaries to 
match additional textual features and improved intuitive 
context extraction to increase accuracy.  
	

I. INTRODUCTION 
The unstructured form of clinical notes in the Electronic 

Health Record (EHR) limits researchers from quantitatively 
studying operative care for improving relevant patient-
centered outcomes. Manual abstraction of large amounts of 
data quickly becomes unfeasible and important clinical 
questions remain unanswered. One such question is how the 
type of operative anesthesia (general, regional, and/or local) 
influences important outcomes. Smaller studies suggest 
anesthesia type can influence patient-centered outcomes, 
particularly pain-related outcomes [1-3]. However, anesthesia 
is not well coded due to the large amount of redundant 
information obscuring more important data; anesthesia is 
recorded in multiple types of notes, including operative and 
anesthesia notes, whose differing structures contribute to 
unclear extraction. As a result, the notes where anesthesia 
documentation is recorded require significant processing to be 
reliably analyzed; incorrect analysis could distort the 
relationship between anesthesia type and pain experienced 
post-surgery [4-5]. The purpose of this study is to accurately 
extract anesthesia records from EHR to examine the 
association of anesthesia type with relevant clinical outcomes. 
As the information on anesthesia type is embedded in the free 
text of clinical notes generated by clinicians, we utilized 
natural language processing (NLP) methods to bridge the gap 
between free-text and structured representations of clinical 
information. We thus developed a rule-NLP pipeline, a set of 
programmed rules to quantitatively analyze unstructured data 
based on certain textual characteristics [2-3], to extract and 

classify anesthesia operative details from the free text of EHR 
notes [6-7]. 

II. METHODS 
A rule-based NLP pipeline was developed in Python 2.7, 

using numpy, pandas and nltk modules [8]. The pipeline first 
pre-processed (lowercasing, removing punctuations) the 
operative notes. To segment the report, all  

text between the anesthesia type header and the next 
header in the note was extracted in the first pipeline; however, 
a second pipeline developed for validation was revised to 
include other parts of the report by checking for the presence 
of anesthesia headers, successive headers, sentence delimiters, 
and “anesthesia” itself. For actual classification, extracted 
contexts were matched via dictionary mapping with target 
terms and their relevant anesthesia type, based on a versatile 
lexicon built with clinical and domain knowledge (Fig. 1). 

 

Figure 1. Proposed Pipeline Architecture. The main changes to 
Pipeline 2 occurred in the Report Segmentation portion of the 
pipeline. In the segmentation flowcharts, “context” refers to 

information in the note deemed relevant to be passed on to the 
remaining portion of the pipeline; any other portions were excluded. 

Below each flowchart is an example note input and subsequent 
output produced as a result of that respective segmentation. 

Since patients could have more than one anesthesia type 
and/or have multiple operation notes, the pipeline was 
reformatted to classify anesthesia type by patient, not note, to 
account for all types. This dual classification was kept in case 
unexpected trends arose among certain combinations and post-
operative pain outcomes. The pipeline was first tested on a 
sample of 100 post-operative notes from EHRs at an academic 
medical center, annotated by a clinician [9]. The revised 
pipeline analyzed an independent set of 256,000 reports with no 
post-operative notes, comparing a random 100 report sampling 
with clinician annotations to determine new agreement. The 
first set had 100 different patients, but the second set had 
patients with more than one note; however, in the sample 
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analyzed, the 100 notes selected each came from a different 
patient. Performance for both pipelines was assessed with 
accuracy metrics including precision, recall and f1 (the 
harmonic average between precision and recall) scores that 
ranged between 0% and 100%. 

 
III. RESULTS AND DISCUSSION 

The first pipeline evaluated 100 post-operative notes, 25 
from 4 surgery types, performing with 100% precision and 96% 
recall; the second pipeline evaluated a 100 operative and 
anesthesia procedure note sample, 20 from 5 note types, 
performing with 77% recall and 88% precision (Table 1). 

 
Pipeline 1 

Anesthesia Type Recall Precision F1 
General 1 1 1 

Regional 0.91 1 0.95 

Local 1 1 1 

Overall 0.96 1 0.98 
Pipeline 2 

Anesthesia Type Recall Precision F1 
General 0.96 1 0.98 

Regional 0.70 0.91 0.79 

Local 0.67 0.73 0.70 

Overall 0.77 0.88 0.83 

Table 1. Metrics for 1st and 2nd pipelines, by anesthesia type 
(n=100 reports) 

The first pipeline mismatched four notes, three of which 
were from a dictionary mistake marking “spinal” as “general,” 
not “regional,” and one from punctuation noise. Pipeline 
revisions included correcting dictionaries; removing 
punctuation, integers, and spaces; and improving context 
extraction. The second pipeline mismatched 23 notes due to 
overlooked medication names and abbreviations, such as 
“lidocaine” and “GET” (general endotracheal anesthesia), and 
ignored/misleading contexts. F1 scores by note type varied 
from 0.43 to 0.91, suggesting this shift in note type was 
responsible for these mismatches. Anesthesia procedure notes 
had low performance, in part due to other misleading data 
recorded; operative notes provided a clearer, succinct 
summary of the anesthesia administered during operation. 
Multiple anesthesia procedure notes, specifically “Airway” 
and “Arterial Line” types, detailed procedures not taking place 
in the specific human region of operation; these notes distorted 
the pipeline’s precision, but can be omitted for future analysis 
or classification of overall perioperative anesthesia type.  

The pipeline’s varied accuracy metrics by different note 
types indicate useful material can be extracted from 
unstructured EHR, but will require more robust dictionaries 
that include more specific medication names and 
abbreviations; omitting less relevant types of notes, such as 

“Airway and “Arterial Line” anesthesia procedure notes; and  
further revisions to context extraction, including exclusion of 
any headers where possible to reduce ambiguity and increased 
versatility to handle other note types for additional 
information. Similar pipelines with modified report 
segmentation methods and dictionaries can process the same 
notes for additional insight into other perioperative services. 
Overall, improved pipelines can facilitate population-based 
studies of patient-centered outcomes with detailed subset 
analysis, allowing clinicians to provide individualized care for 
patients. We also plan to integrate this pipeline into our EHR 
database so that anesthesia type is recorded automatically in a 
structured format instead of free-text format. Recording 
anesthesia type in a structured format will clarify 
documentation, improve follow-up, and enable its use in 
future studies, which may include predicting patient-centered 
outcomes with machine learning tools. 
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