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Abstract 

Knowledge Author (KA) is a web-based software tool 
that supports users in developing domain content nec-
essary for Natural Language Processing (NLP) appli-
cations, as well as a tool to provide recommendations 
for additional domain content. To accurately extract 
information from text, NLP tools require a semantic 
schema describing variables and their lexical variants 
and associated modifiers. Knowledge Author uses a 
set of semantic categories based on the secondary use 
clinical element models (SUCEM) and the Common 
Type System (CTS) to allow the user to quickly create 
and modify domain related variables. Additional in-
formation such as synonyms are obtained using Uni-
fied Medical Language System (UMLS) Metathesau-
rus terminology lookup and presented to the user in an 
easy to use fashion.  KA can be found at blu-
lab.chpc.utah.edu/KA/ . 

1 Introduction 

A wide range of NLP pipelines and components 
specific to clinical text have been developed 
since the early 1990s, facilitating the analysis of 
emergency department notes, radiology reports, 
and other free-text clinical documents using lexi-
cal, syntactic, and semantic information 
(Friedman 2000). Within the clinical domain, 
NLP systems based on these pipelines and com-
ponents have been implemented in a variety of 
contexts, such as pharmaco-vigilance, case find-
ing and patient screening, summarization of nar-
rative patient information, and quality measure-
ment (Li, Chase et al. 2008, Pakhomov S, 
Bjornsen S et al. 2008, Wang, Hripcsak et al. 
2009, Al-Haddad MA, Friedlin J et al. 2010, 
Aramaki, Miura et al. 2010, Chiang, Lin et al. 
2010, Van Vleck TT and Elhadad N 2010). 

However, with all of its usefulness, it re-
mains time consuming to develop the domain 
content necessary for NLP tools to produce the 
desired results. Previously existing ontology cre-
ation tools such as Protégé (Protégé) are feature 
rich, but they can be time consuming to learn, 
and are designed to serve a broad range of uses 
(e.g., from modeling archaeological information 
to modeling geographic data). Knowledge Au-
thor (KA) focuses solely on the clinical NLP 
domain, which allows for a more tailored set of 
features. The goal of KA is to allow domain ex-
perts such as medical clinicians to efficiently 
develop domain-specific content that can be used 
in clinical NLP systems. 

2 Design and System Description 

The overall design goal of KA is to allow the 
user to quickly create a semantic schema, which 
is the target extraction template for an NLP sys-
tem. KA allows the user to create domain related 
variables and assign a semantic category to the 
variable. In KA, a variable is defined as a lexical 
concept found in a standardized terminology 
along with any relevant modifiers associated 
with that concept. For instance, a user interested 
in extracting the variable “fever” from text can 
create the variable and associate it to the UMLS 
concept “C0015967 fever” and assign it a seman-
tic category of Problem. In addition, a user could 
create more complex variables such as “white 
blood cell count >=12,000”. To accomplish this 
in KA, the user would create the variable and 
associate the UMLS concept “C0015967 white 
blood cell count” to the variable and assign it a 
semantic category of “Lab/Test/Measurement”. 
KA will then prompt the user to enrich the varia-
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ble with additional information such as syno-
nyms, semantic categories, and semantic and lin-
guistic modifiers (Figure 1). Only information 
that is relevant to the particular semantic type of 
category the user is creating is presented, such as 
the lab/test/measurement value “>= 12000” in 
the example variable above.  

KA makes variable creation more efficient 
by allowing a user to look up and choose a con-
cept from the UMLS Metathesaurus and import-
ing any relevant information such as synonyms, 
concept definition, and semantic category into 
the KA interface. The output of KA is a schema 
indicating what information the user wants to 
extract from clinical documents.  

To test the validity of a newly created vari-
able, KA allows the user to search a default cor-
pus of de-identified medical records for phrases 
that would potentially be retrieved for the new 
variable. The search mechanism is a simple 
Apache Lucene reverse index query (Apache  
Lucene) that uses the variable name and syno-
nyms to provide potentially useful diagnostics to 
the user through examples of what the NLP sys-
tem would extract. For example, in looking 
through the example sentences, a user could see 
that there is a problem with the synonym of a 
variable and alert them to the need to edit the 
variable’s synonym list. 

2.1 Workflow 

A typical user workflow to extract information 
from narrative reports would start with creating a 
new domain variable. KA currently supports two 
different types of variables – ‘person’ and ‘non-
person’. Upon creation, the ‘person’ type 

prompts the user to provide information such as 
birth date, death date, race, age and gender to 
facilitate creation of complex variables like “Af-
rican American females above 65 years of age.”  
The non-person type gives the user access to a 
range of information as described below. 

2.2 UMLS Terminology Lookup 

The next step in the workflow involves mapping 
the variable to a concept in the UMLS Metathe-
saurus (Figure 2). The user simply types in a 
concept and then clicks on the Terminology 
Lookup button. This will provide a popup win-
dow with a list of possible UMLS concepts to 
choose from. The list is generated using the UTS 
API 2.0 (UTS API 2.0). This mapping imports 
into the domain schema the synonyms, defini-
tion, and semantic type for the variable. A manu-
al review process allows the user to remove or 
modify any of the imported data.  

2.3 Corpus Search 

Once a variable is created, KA allows the user to 
perform a corpus search to test the validity of the 
variable name and synonyms. The MTSamples 
(MTSamples) corpus of de-identified medical 
records is available for the user to search their 
variables against. The data use agreement for this 
corpus allows it to be used in KA.  

 The corpus search tool returns a list of 
sentences that contain the variable name. Statis-
tics about how many sentences were returned 
relative to the corpus size are also displayed. 
This helps the user gauge the usefulness of the 
name and synonyms and potentially results in 
elimination of some errors before deploying the 

 

Figure 1: Concept creation interface 
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domain schema in an NLP tool. For example, 
one of the synonyms for ‘malignant melanoma’ 
in the UMLS is ‘skin.’  Including that synonym 
would create a large number of false positives 
that could be picked up using the corpus search 
tool. 

2.4 Linguistic Modifiers 

Table 1: Linguistic modifiers available to the 
user 

 
   Linguistic modifiers allow the user to narrow 
down their variable to reduce irrelevant matches 
by specifying linguistic information found in the 
surrounding text where the variable is found. KA 
allows the user to specify the temporality 
(whether the concept occurs in the past, present, 
or future), certainty (whether the concept is as-
serted, negated, or hedged), and experiencer 
(whether the patient or someone else experiences 
the concept). For example, “colon cancer” could 
be modified to “possible family history of colon 
cancer”. Table 1 lists the possible linguistic mod-
ifiers the user can choose from.  

2.5 Semantic Modifiers 

Semantic modifiers are similar to linguistic mod-
ifiers with the exception that specific modifiers 
are associated with specific semantic categories – 
unlike linguistic modifiers that are associated 
with all non-person variables. The semantic cat-
egory of the variable determines, which semantic 
modifiers can be assigned to the variable. There 
are currently eight possible semantic categories 
to choose from - Anatomical Site, Aller-
gy/Intolerance, Encounter, Lab Test Measure-
ment, Medication, Problem, Procedure Interven-
tion, Social Risk Factor, and Vital Sign. Each 
category contains a number of possible semantic 
modifiers which were based on the secondary 
use clinical element models (Tao et al. 2013) and 
the Common Type System (Wu, et al. 2013), 
which are two commonly used models employed 
to represent information extracted by NLP sys-
tems in the biomedical NLP community. Each of 
the semantic modifiers has, in turn, a number of 
possible values associated with it. For example, 
for the semantic category ‘Medication’, the user 
would be able to choose from semantic attributes 
such as ‘dosage’ or ‘delivery route.’ The ‘deliv-
ery route’ semantic attribute has a number of 
possible values such as ‘oral’ or ‘intravenous.’ 
Semantic attributes support creation of variables 
such as “Ibuprofen 80 mg orally every four 
hours.” 

2.6 Input/Output File Format 

 KA saves the user’s work to an internal database 
that is available to the user upon login. The data 

Category Modifiers 

Certainty 

Definite Existence, Definite Negated 
Existence, Probable Existence, Prob-
able Negated Existence 

Experiencer 

Patient, Family Member, Donor 
Family Member, Donor Other Mem-
ber, Other Member 

Temporality 
Before, Before-Overlap, Overlap, 
After 

Figure 2: UMLS terminology lookup interface 
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can also be exported from the database to an 
OWL (OWL) file. 

2.7 Software Architecture 

KA is a web-based platform written in Java 7 on 
top of a MySQL database. The SeaCore (Sea-
Core) framework is used to facilitate the web 

development. The UMLS terminology is ac-
cessed through use of the Java based UTS API 
2.0 which queries the UMLS metathesaurus ser-
vice. The corpus search feature uses Apache Solr 
4.7 which is a web service wrapper to the  
Apache Lucene Java search library (Apache 
Solr). 

3 Use Case 

To test the functionality of KA, we created a 
pneumonia use case file using KA and compared 
it with an OWL file created manually using Pro-
tégé 4.1 of the same domain. The same 
knowledge engineer created both files and only 
timed how long it took to create the variables and 
related lexical information (i.e. time it took to 
gather and to learn the use case and the time it 
took to build the proper structures in Protégé to 
hold the information was not included in the time 
comparison). Using KA, the variables could be 
created in a fraction of the time it took to manu-
ally create the same variables in the manual 
OWL file and did not require expertise in OWL. 
This major time difference was mainly due to the 
fact that within KA, most of the lexical infor-
mation (i.e. synonyms, definition, semantic cate-
gory) was automatically imported when a varia-
ble is mapped to a UMLS concept, which had to 
be manually added to the Protégé file. It should 
be noted that KA is not designed to be a re-
placement for Protégé as it has a different feature 
set, but rather to speed up and simplify the crea-
tion of domain content. 

Both versions were able to create variables 
in the pneumonia schema (see Table 2). In KA, 
however, 33% of the concepts could not be rep-
resented fully because currently, KA lacks the 
ability to add numeric thresholds and the ability 
to use logical operators to combine values of 
modifiers (i.e., “new or worsening cough”). In its 
current version, a user would have to create two 
separate variables that share the same concept 
but have different modifiers to capture this in-
formation (i.e. “new cough” and “worsening 
cough”). However, the user would have to dupli-
cate the Terminology lookup, synonyms and def-
inition for each variable that shares the same un-
derlying concept.  

4 Conclusion and Future Development 

We have presented a web-based tool for building 
a semantic schema of domain content that could 
be used in an NLP application. KA leverages 
three existing knowledge resources – the 

Concept Name 
Created 
in KA 

Reason 

infiltrate yes   

consolidation yes   

cavitation yes   

fever yes   

temperature > 100.4 deg F partial NT 

leukopenia yes   

white blood cell count < 
4000 WBC/mm3 partial 

NT 

leukocytosis yes   

white blood cell count >= 
12000 WBC/mm3 partial 

NT 

altered mental status in 
adults >= 70 years old 

yes   

new or change in purulent 
sputum 

yes   

increased respiratory secre-
tions 

yes   

increased suctioning re-
quirements 

yes   

new or worsening cough partial LON 

new or worsening dyspnea partial LON 

new or worsening tachpena partial LON 

respiratory rate > 25 bpm partial NT 

rales yes   

bronchial breath sounds yes   

worsening gas exchange yes   

increased oxygen therapy yes   

increased respiratory suc-
tioning 

yes   

increased ventilator care yes   

Oxygen saturation 
(PaO2/FiO2 <= 240) partial 

NT 

 
Table 2:  List of concepts used in the pneumonia 
use case. Whether or not the concept was able to 
be fully created using KA, and the reason if not 
is also listed. 
LON - Logical operator between modifiers not 
supported in KA at the time the use case was 
completed. 
NT - Numeric Threshold not supported in KA at 
the time the use case was completed. 
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SUCEMs, CTS, and the UMLS – to provide the 
user with relevant information for creation of 
domain-specific variables, which allows for rapid 
semantic schema creation by a user without for-
mal training in ontology development or NLP. 
Future work includes adding constructs that will 
allow users to link variables together using rela-
tionships (i.e. “ibuprofen treats pain”) and logical 
operators and usability testing with naïve users. 

KA is the first part of a pipeline that will al-
low the user to create an NLP schema, annotate 
documents, process documents using various 
NLP tools, and analyze the results. We envision 
an end-to-end system that allows the user to rap-
idly build custom clinical text queries. The full 
pipeline is currently under development. 
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