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Abstract 

 

Supervisory Committee 
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The objective of this study was to discover biopsychosocial concepts from primary care 

that were statistically related to inappropriate emergency room use by using natural 

language processing tools. De-identified free text was extracted from a clinic in Guelph, 

Ontario and analyzed with MetaMap and GATE. Over 10 million concepts were 

extracted from 13,836 patient records. There were 77 codes that fell within the realm of 

biopsychosocial, were very statistically significant (p < 0.001) and had an OR > 2.0. 

Thematically, these codes involved mental health and pain related biopsychosocial 

concepts. Similar to other literature, pain and mental health problems are seen to be 

important factors of inappropriate emergency room use. Despite sources error in the NLP 

procedure, the study demonstrates the feasibly of combining natural language processing 

and primary care data to analyze the issue of inappropriate emergency room use. This 

technique could be used to analyze other, more complex problems. 
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Chapter 1 - Introduction 

 

In February 2011, the Guelph Mercury Newspaper reported that “the city's largest family 

health team has joined the quest to understand why so many people are flocking to the 

Guelph General Hospital's emergency department”(Kirsch, 2011). The article coincides 

with renewed interest within the local health authority to find answers to this question. 

The topic has been explored in many studies; recent media attention supplements years of 

academic and provincial interest. The topic is important because costs to the health care 

system and to its taxpayers are significantly higher when patients choose the emergency 

room over primary care services. The results of investigation in this area could provide 

valuable insights to service use and save significant dollars to healthcare systems around 

the world. 

1.1 - Background 

Many studies have explored the topic of inappropriate Emergency Room (ER) use. The 

goal of these studies is to determine the factors that influence patient decision making 

when choosing an ER over a family physician. Studies have approached this type of 

research question through the use of surveys and interviews or by analyzing hospital 

records. They have shown a statistical relationship between age, social status and 

education and emergency room use.  

With access to primary care data, new information is available to assist in answering 

the question of emergency room use. This is because primary care data is known to have 

a large quantity of patient information covering the entire biopsychosocial domain. It has 

the potential to provide deeper insights into patient behaviour. Whereas other fields of 



 

 

 

 

2 

medicine are focused primarily on a biomedical framework, primary care providers 

assess the complete biopsychosocial patient state and provide regular patient centered 

assessments. In Ontario, the computerization of primary care has reached over 40 percent 

and has become available for secondary analysis. 

Coded data is easy to analyze and interpret because the data is already stored in a 

tabular format. Unfortunately a 2008 study observed that of 3,348 physicians, only 8% 

were storing notes and documentation in structured forms. However, the same study 

found that 75% of those physicians were entering or dictating, as a minimum, encounter 

notes and medication information in free form (Wilcox, Bowes, Thornton, Narus, & 

Narus, 2008). 

From the perspective of extracting data, Wilcox et al. do not indicate that a heavy 

reliance on structured data would support a case study. The use of free text, however, has 

more potential given its much larger uptake. This is reinforced by Nicholson et al. (2011), 

who suggested that the use of free text in records might affect the results of research by 

providing depth to the data set. The study recommended that free text be considered as an 

integral part of the EMR and should be included in future research studies (Nicholson, 

Tate, Koeling, & Cassell, 2011).  

In a parallel line of research, natural language processing (NLP) research focuses on 

building computational models for understanding natural language. "Natural language" is 

used to describe any language used by human beings, to distinguish it from programming 

languages and data representation languages used by computers and described as 

artificial (Meystre, Savova, Kipper-Schuler, & Hurdle, 2008). NLP is the mechanism 
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through which free text in primary care might be converted into codes. This technology is 

interesting when applied to medical records. 

A tool named MetaMap, developed by National Library of Medicine in the United 

States,  is a freely available program that provides access to the concepts in the Unified 

Medical Language System (UMLS) Metathesaurus from biomedical text (Aronson & 

Lang, 2010). The tool has been shown to be an effective tool for discovering UMLS 

concepts in text (Aronson, 2001). This tool is currently used by many groups throughout 

the world in the biomedical informatics community (Aronson & Lang, 2010).  

Given the available data in primary care, the acceptance of NLP-based tools as 

effective for coding free text and the continued interest in analyzing ER usage, this study 

will code data from primary care with natural language processing to determine which 

UMLS codes are associated with inappropriate emergency room visits.  

1.2 - Research Question 

What biopsychosocial factors are associated with greater non-urgent emergency room 

use when extracted through the analysis of primary care data with natural language 

processing (NLP)? 

The first component of answering this research question is to conduct an analysis of 

primary care data through NLP. As discussed in Chapter 3, primary care data is rich in 

biopsychosocial information. Free text data is widely used in primary care because it is 

convenient to express concepts and events. However, it is difficult for searching, 

summarizing, decision-support, or statistical analysis (Meystre et al., 2008). Natural 

language processing, discussed in Chapter 4, offers an opportunity to convert the free text 

components of medical records and to code it. A large number of records will be 
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analyzed with NLP, and Unified Medical Language System (UMLS) codes will be 

extracted and stored in a database. 

The second part of the analysis will be to relate the biopsychosocial data to emergency 

room visits. This will be done by linking emergency room visits from the local 

emergency room with acuity scores to the extracted codes. As discussed in Chapter 2, the 

Canadian ED Triage and Acuity Instrument (CTAS) scores will be used to classify 

emergency room visits. The complete dataset will include linked hospital visit data with 

biopsychosocial codes, biopsychosocial categories, age, and sex. 

The final component of the analysis will involve a statistical analysis relating 

biopsychosocial codes to non-urgent emergency room visits. Odds ratios will be 

calculated for specific biopsychosocial patterns.  

1.3 – Existing Literature 

As discussed in chapter 2, studies from the literature have used a variety of surveys, 

interviews or demographic data in their analysis. These studies have examined 

dimensions such as age, sex, diagnosis, education, family size, immigration status, 

income, marital status, nationality, occupation, perceived severity of illness, referral 

source, retirement status, skin color and working hours. These research datasets only 

include information about patients using the emergency room and only include 

information about patients who use emergency room services. They do not provide the 

ability to put the overall use in contact against the general population. A unique 

component of this study is that it is using data from the general population for 

comparison. The conclusion represents a “normal” person‟s likelihood to use emergency 
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services inappropriately. Inferences can be made about the entire population‟s use of the 

emergency room and the overall odds ratios of the whole populace. 

As the use of health informatics in primary care in Canada continues to proliferate the 

industry, this novel technique will demonstrate its capacity to answer a trans-cultural and 

international research question regarding emergency room use. The approach could be 

used in other system-use questions. 

1.4 – Analysis Methods 

In traditional qualitative studies, composition researchers interpret their data by coding. 

They systematically search data to identify and categorize specific observable actions or 

characteristics. These observable actions then become the key variables in the study 

(Colorado State University, 2011). In this case, the identification and categorization of 

data will be generated through an automated procedure (NLP). Whereas the source of 

information, the free text from medical records, is single modal, the dimensions of that 

information will cover a broad spectrum of biopsychosocial information. 

The introduction of a computer algorithm in the codification of the information 

removes bias from the process. The extracted codes would be consistent regardless of a 

single researcher‟s interpretation. Whereas a manual process would introduce error and 

bias of unknown scale, the use of natural language processing will introduce a known 

error that can be taken into account during the statistical analysis. The use of a computer 

algorithm also enables the analysis of large samples relatively quickly, with minimal cost. 

A case study will provide an opportunity to test scholarly knowledge on a specific 

group of patients. Conclusions will be drawn for the specific cohort in a specific context, 
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but the concept of the analysis will demonstrate the potential of primary care data and 

natural language processing in processing data on a much larger scale for future research. 

1.5 - Overview of Thesis 

Chapter 2 reviews the literature on inappropriate emergency department use and factors 

that contribute to this use. The chapter reviews ways in which inappropriate use has been 

defined. Chapter 3 is an analysis of primary care data types and paradigms. Chapter 4 

reviews Natural Language Processing concepts and tools. In Chapter 5, the methodology 

for the data extraction and manipulation is presented, which includes a description of a 

custom data extraction tool that combines variety of Java libraries and APIs to produce a 

useable dataset. A model for the basis of the regression analysis is also presented. In 

Chapter 6, the detailed experimental procedure is described. In Chapter 7, the results of 

the analysis are shown, including odds ratios for specific UMLS codes extracted through 

the experimental procedure. Chapter 8 discusses the findings of the experiment, including 

sources of error and a generalized interpretation. Chapter 9 concludes the study by noting 

its contributions and by making recommendations for further work.  
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Chapter 2 - Factors of Non-Urgent Emergency Room Use 

 

The chapter outlines the methodology of a systematic literature review in section 2.1. 

Section 2.2 discusses the results by reviewing the different data sources, designs and 

definitions of inappropriate use from each study. Section 2.3 concludes the chapter with 

some generalized results regarding all studies. 

2.1 - Methodology of Systematic Review 

A literature review was performed on the Pubmed database through the University of 

Victoria‟s library gateway. PubMed was developed by the National Center for 

Biotechnology Information (NCBI) in conjunction with publishers of biomedical 

literature as a search tool for accessing literature citations and linking to full-text journals 

at web sites of participating publishers. PubMed was selected because it is considered the 

most relevant and up-to-date information source for published professional journals in 

biomedical sciences.  

2.1.1 – Inclusion Criteria 

The following inclusion criteria were used to filter the results: 

1) To consider only modern approaches and techniques to reviewing inappropriate 

use, only journals indexed and published after 1995 were  considered 

2) Published in English 

3) Measuring factors associated with inappropriate use of emergency rooms.  

In the search query, the AND eng[la] term was used to specify English publications 

only (to satisfy point 2 of the inclusion criteria).  The AND "last 16 year"[dp] term was 
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used to only return results from the last 16 years (to satisfy point 1 of the inclusion 

criteria). The following two queries were run.  

((emergency AND (service* OR room OR care OR department*)) AND ((use) OR 

(usage))) AND ((inappropriate) OR (non-urgent) OR (nonurgent) OR (pattern*)) AND 

eng[la] AND "last 16 year"[dp] 

 

((emergency AND (service* OR room OR care OR department*)) AND ((patient AND 

(profile or characteristic*)))) AND ((inappropriate) OR (non-urgent) OR (nonurgent) OR 

(pattern*)) AND eng[la] AND "last 16 year"[dp] 

 

The first query returned 1629 articles and the second returned 646 articles.  

2.1.1 – Exclusion Criteria 

The following criteria were used to exclude articles: 

1) Not directly related to repeated use of emergency rooms 

2) Not related to inappropriate hospital admission, hospitalization or length of stay 

3) Not disease specific (e.g. ER use by type 2 diabetics, inhaler users, mental health) 

4) Not cohort specific (e.g. ER use by the homeless, veterans, children, older adults) 

5) Not regarding an educational plan or program to change patient behaviour 

6) Not regarding patients seeking a specific service  (e.g. dental service at the ER) 

Using the above criteria, of the 2275 articles found through the search, 2190 articles 

were rejected based on title and abstract only. 

Of the remaining 85 articles, another 62 articles were rejected after reviewing the entire 

article. Articles were rejected if they did not present any numerical results or did not 

specify data sources. In total, 23 articles met the selection criteria. 

2.2 - Results 

A table is presented in Appendix A that outlines the 23 articles found through the 

systematic literature review. For each article the country, study design, data source, 
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criteria for defining inappropriate use, factors of inappropriate use and type of analysis 

are shown. The terms “inappropriate use” and “non-urgent use” are used interchangeably. 

2.2.1 - Study Rationale 

Even though the studies were conducted in several different countries, researchers 

performed a local literature review that noted that inappropriate, or non-urgent, use of the 

emergency room or department was a costly phenomenon that has been increasing. In 

their introduction, each team identified the issue of inappropriate emergency room use as 

a critical question for the long term sustainability of their healthcare system. The thematic 

motivations for each study were identical. The topic is a global, far-reaching issue.  

2.2.2 - Data Sources 

The sources of information for these studies have either relied on patient surveys, 

interviews and questionnaires (J. Afilalo et al., 2004; Bianco, Pileggi, & Angelillo, 2003; 

Carret, Fassa, & Kawachi, 2007; David, Schwartau, Anand Pant, & Borde, 2006; Field & 

Lantz, 2006; Gill, 1999; T. Lang et al., 1996; Loria-Castellanos, Flores-Maciel, Márquez-

Ávila, & Valladares-Aranda, 2010; Northington, Brice, & Zou, 2005; Oktay, Cete, Eray, 

Pekdemir, & Gunerli, 2003; Pereira et al., 2001; H.G. Selasawati, Naing, Wan Aasim, 

Winn, & Rusli, 2007; N. M. Shah, Shah, & Behbehani, 1996; Tsai, Liang, & Pearson, 

2010),  emergency room registries (Abdallat, Al-Smadi, & Abbadi, 2000; Béland, 

Lemay, & Boucher, 1998; De Vos et al., 2008; Liu, Sayre, & Carleton, 1999; H G 

Selasawati, Naing, Wan Aasim, Winn, & Rusli, 2004; Sempere-Selva, Peiró, Sendra-

Pina, Martínez-Espín, & López-Aguilera, 2001) or both (Siminski et al., 2008). No 

studies were found that related data from primary care physician records or natural 
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language processing to inappropriate usage. No studies reviewed inappropriate use by 

reviewing the primary care population at large. 

The largest study size was based on 135,723 patient visits over a four year period of 

time (Liu et al., 1999). The smallest study was a case control study in which 170 cases 

were flagged as inappropriate, and another 170 appropriate cases were used as controls 

(H.G. Selasawati et al., 2007).  

Studies meeting the selection criteria were conducted all over the world. Countries 

where studies have taken place include Australia, Brazil, Canada, Cuba, France, 

Germany, Hong Kong, Italy, Jordan, Kuwait, Malaysia, Mexico, Portugal, Spain, Taiwan, 

Turkey, the United Kingdom and the United States. To demonstrate the diverse origin of 

studies, it is noted in a column in Appendix A. 

2.2.3 - Study Design 

Sixty five percent of the studies, fifteen in total, explicitly named their study 

methodology. Of those that named their methodology, eleven were cross sectional 

studies. Two studies used a case control methodology to compare appropriate and 

inappropriate hospital use (A. Martin et al., 2002; H.G. Selasawati et al., 2007). One 

study described itself as a prospective observational study (Oktay et al., 2003) and one 

study used a formal cross-over study design methodology (Sempere-Selva et al., 2001). 

All studies were explanatory in nature. 

2.2.4 - Criteria for defining inappropriate ER use 

Several different criteria were used to define inappropriate visits to the emergency 

room. Nine studies used an existing triage system to classify urgent and non-urgent visits. 

The Canadian Triage Assessment System (CTAS), Australian Triage Scale (ATS), 
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Hospital Urgencies Appropriateness Protocol (HUAP) and Emergency Severity Index 

(ESI) were used as pre-existing, validated tools to classify patients.  

When the CTAS scale was used, levels 4 and 5 were classified as non-urgent (J. Afilalo 

et al., 2004; Field & Lantz, 2006). A Taiwan study based its triage system on CTAS and 

also assessed levels 4 and 5 as non-urgent (Tsai et al., 2010). Similarly, when the ATS 

was used, levels 4 and 5 were considered non-urgent (Siminski et al., 2008). When using 

the ESI, one study categorised levels 3, 4 and 5 as non-urgent (Redstone, Vancura, Barry, 

& Kutner, 2008) while another only categorised level 4 and 5 as non-urgent (Northington 

et al., 2005). Generally, when using an existing five point triage system, the studies 

consistently categorised levels 4 and 5 as non-urgent. 

Nine studies established explicit criteria before conducting their study to categorize 

patients as urgent or non-urgent (Béland et al., 1998; David et al., 2006; De Vos et al., 

2008; T. Lang et al., 1996; Liu et al., 1999; A. Martin et al., 2002; Pereira et al., 2001; H 

G Selasawati et al., 2004; H.G. Selasawati et al., 2007). Some used flow charts  or 

established multiple criteria and categorised the patient if they met a subset of that criteria 

(David et al., 2006). Some explicit criteria were applied by medical experts (T. Lang et 

al., 1996) while others were done systematically through a query to an existing database 

(De Vos et al., 2008). 

The remaining studies used manual review processes to determine whether or not a 

patient was appropriately using the emergency services. There were always multiple 

judges when this technique was used to avoid bias. In some cases, judges were blinded to 

each other‟s assessments (Oktay et al., 2003) whereas in other cases, the categorization 

was performed in collaborative teams (Béland et al., 1998). After manually reviewing 
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cases, patients were either triaged by level of urgency into categories (Oktay et al., 2003; 

N. M. Shah et al., 1996) or labelled as simply appropriate or inappropriate (Béland et al., 

1998; Lee et al., 1999). 

2.2.5 - Factors Associated with Inappropriate Use 

Each study meeting the criteria reported specific characteristics of patients who use 

emergency room facilities for non-urgent or inappropriate reasons. All but one study 

(Field & Lantz, 2006) reported their findings in relation to age and sex. Other measures 

that were reported as contributing factors to inappropriate use included diagnosis, 

education, family size, immigration status, income, marital status, nationality, occupation, 

perceived severity, referral source, retirement status, skin color and working hours. In 

addition to presenting measures, two studies categorized them as predisposing factors, 

enabling factors and need factors (J. Afilalo et al., 2004; N. M. Shah et al., 1996). 

Three studies from the United States analyzed insurance coverage as a factor of 

inappropriate use. Northington et al. (2005) concluded that most non-urgent patient had 

insurance and Liu et al. (1999) concluded there was a 25 percent lower risk in patients 

attending the emergency room for non-urgent reasons when they did not have insurance.  

Seven studies incorporated the time of day or day of the week as a component of 

inappropriate use. The conclusions were not consistent; some studies noted peaks during 

the day (Tsai et al., 2010) while others founds peaks of inappropriate use through the 

early morning (H G Selasawati et al., 2004).  

2.2.6 - Analysis 

All studies used descriptive statistics to describe their results. Sixty percent of the 

studies, fourteen in total, also presented inferential statistics results in the form of odds 
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ratio (crude and/or adjusted), mean differences, standard errors or beta coefficients. 

Ninety five percent confidence intervals were always used. When the type of regression 

was stated, logistic regression was always used, except for the study by Carret et al. 

(Carret et al., 2007) that used Poisson Regression.  

None of the studies used the overall population as a reference. When calculating odds 

ratios, the frame of reference was other emergency room users. For example, Loria-

Castellanos et al. (2010) calculated a minimum income salary had a OR = 2.27, meaning 

that of the patients using the emergency room inappropriately, there was a greater chance 

they would have a minimum income salary. However, this calculation does not provide 

an odds ratio of how likely a person from the general population who has a minimum 

income salary is to use the hospital inappropriately. If the population has a larger 

proportion of minimum income salary residents, the result of OR = 2.27 is misleading. 

However, without the general population has a frame of reference, this analysis is not 

possible. The studies infer that the population of patients visiting the emergency room 

represent a valid sample of the overall population. 

2.2.7 - Results 

Each study did not assess identical factors in non-urgent use, nor did they collect data 

from the same source, nor did they define inappropriate use in the same way. It is 

therefore not surprising that the results and conclusions of each study are unique, while 

similar. Most concluded that there were differences in the odds ratio between sex and 

age. In all cases there were differences between the groups studied in terms of 

inappropriate attendance of emergency services. Each study was able to profile 

inappropriate emergency service users. 
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2.3 - Key Findings 

Rationales for conducting studies in inappropriate use of emergency services are 

consistent through the selected studies. It is generally understood that inappropriate use is 

a bad use of healthcare resources and a growing problem. 

Most studies used interviews or surveys to collect data. Where quantitative methods 

were used from a secondary analysis, data was extracted from hospital records. None of 

the studies use primary care data or free text notes in their analysis. A majority of studies 

were cross sectional studies. 

Existing triage protocols, such as CTAS, have been used to categorize patients who use 

emergency services as non-urgent or inappropriate. Grouping by a triage score enabled 

the use of inferential statistics, most commonly odds ratios, to describe risk factors 

associated with non-urgent use.  

None of the studies were able to take the overall population into consideration in their 

analysis. The odds ratios use other emergency room users as a frame of reference, and 

assume that the population of patients visiting the emergency room represents a sample 

of the overall population. 
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Chapter 3 - Primary Care Data 

 

This chapter discusses primary care data. Section 3.1 defines primary care. Section 3.2 

defines primary care informatics. Section 3.3 discusses different types of primary care 

data. Section 3.4 discusses data quality issues with primary care data. Section 3.5 

discusses opportunities that exist by using primary care data.  

3.1 - What is Primary Care Data? 

Primary care data is the data created by primary care physicians. In some countries, 98 

percent of the population is registered with a general practitioner and the dataset for a 

disease has a denominator. This dataset potentially contains all health events in a person‟s 

life, including episodes of hospitalization. Primary care data includes information about 

morbidity, treatment, outcomes and health care utilization (St-Maurice, 2011). 

3.2 - What is Primary Care Informatics? 

In the medical domain, primary care and acute care are different specializations and 

require different levels of training. Likewise, primary care informatics, as defined by 

Simon de Lusignan, is also different than other types of health informatics. 

De Lusignan describes primary Care Informatics as its own science and subspecialty of 

Health Informatics, noting that it already has its own journals and working groups within 

international informatics associations. He argues that primary care informatics has unique 

features and differentiating attributes, and that the domain needs to build its own body of 

knowledge and theory (de Lusignan, 2003). In his definition of the field, de Lusignan 

establishes the distinguishing features of primary care informatics as using heuristic 
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instead of deductive reasons as a decision-making process; using the biopsychosocial 

rather than the biomedical model; and taking a patient-centered approach versus a 

disease-centered approach during consultations (Simon de Lusignan, 2003).  

De Lusignan‟s describes the biopsychosocial model of primary care as a phenomenon 

that is fundamentally different than data stored in hospital systems. Where hospital 

records are episodic and specific to an incident of care, primary care data is broad and 

holds information about patients in both their healthy and unhealthy states. This breadth 

has important ramifications and potential for data modeling for informaticians; primary 

care is longitudinal in nature and often covers more than one generation and there is a 

need to form an overview of each patient and his or her medical history. Whereas medical 

knowledge has many more levels of abstraction compared with other domains, primary 

care sits at the most extreme end of the spectrum and requires the most complex 

modeling of all (de Lusignan, 2003). 

3.3 - Types of Primary Care Data 

There are many ways data can be represented in the primary care. Data is either free text 

or in a coded or structured form. 

Structured data, for example, would force a user to input a diastolic reading in one text 

box and the systolic reading in another. The data would then be precisely saved into a 

highly structured database. A structured approach to data associates specific fields to data 

types and content, and can map to external data references such as ICD- 10, PCPC, 

Read/SNOMED Clinical Terms, etc. (St-Maurice, 2011). This linking procedure is also 

known as classifying the data and theoretically would enable complete and consistent 

modeling of patient profiles. However, primary care clinicians think that definite 
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diagnosis is often anathema in primary care, and also think that it can also stigmatise 

patients or damage relationships. A completely structured Electronic Medical Record 

(EMR) system is a step too far (de Lusignan, Wells, Hague, & Thiru, 2003).  

In Ontario, a consistent structured data approached used through the healthcare system 

would require all 11 thousand primary care physicians to document their 13 million 

patient records in the same way, each classifying the information consistently. In 

addition, EMR systems would need to support a common data structure. In reality there 

are a number of logistical problems with this approach. For example, if a patient has well 

managed diabetes, physicians throughout the province would all have to agree that their 

diagnosis of the disease fall should under “current problems” and not “previous history”. 

Regardless of the best clinical argument between the two options, anecdotally this has 

been inconsistent in single offices throughout a single city using the same EMR software; 

it does not bode well for healthcare regions with a spectrum of EMR solutions (St-

Maurice, 2011).  

Consistent use of the same code for the same clinical entity is important to facilitate 

data retrieval. If computer-stored information is to be useful for data retrieval, then the 

reliability (the extent to which the same measure will provide the same results under the 

same conditions, e.g. the extent to which two physicians code for the same diagnosis for a 

patient‟s problem) of the patient data is of utmost importance; information coded by 

different GPs must be compared throughout a healthcare system. The reliability of coded 

diagnoses is poor in primary healthcare (Nilsson, Petersson, Ahlfeldt, & Strender, 2000).  

In a 2008 study, it was observed that of 3,348 physicians, only 8% were storing data in 

structured forms (other than listing problems or allergies). However, 75% of those 
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physicians were entering or dictating, as a minimum, encounter notes and medication 

information. The more advanced, structured components of the system that are presumed 

to have the greatest effect on improved quality and costs and that have spurred 

movements for adoption of Electronic Health Records (EHRs) were actually the less-used 

components of the systems (Wilcox et al., 2008). From the perspective of extracting data, 

this study does not indicate a heavy reliance on structured data would support research 

activities or quality improvement in a broad sense without re-training or process re-

engineering; there is 900% more use of free text data entry compared to structured data, 

making free text a more inclusive source of information. The value of free text data is 

reinforced by a 2011 study that suggested that the use of free text in records might affect 

the results of research by providing depth to the data set. It was recommended that free 

text be considered as an integral part of the EMR and to be included in future research 

studies (Nicholson et al., 2011).  

3.4 - Quality in Primary Care Data 

In the United Kingdom, a majority of general practitioners have computerized medical 

records. However, high quality coding of clinical data is not universal (de Lusignan, 

Stephens, & Majeed, 2004). A study in 2010 noted that the current practice of coding 

diabetic diagnostic data probably overestimates the prevalence of diabetes overall (de 

Lusignan et al., 2010). Another study found that that distinguishing the type of diabetes 

from EMR records is difficult, especially in young adults (Stone et al., 2010). Data in 

primary care EMRs is not perfect nor sufficient and informaticians still struggle with 

identifying something as “obvious” as diabetes (St-Maurice, 2011). 
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A study in 2004 proposed a solution to this issue through a series of data quality 

markers for structured data. Indicators were meant to be universal and included the 

percentage of active patients seen in last 12 months, percentage of year of birth and sex 

recorded, number of prescriptions per 1,000 patients, percentage of notes linked to 

diagnosis, percentage of notes in which Read Code is level 3 or lower, percent of acute 

prescriptions linked to diagnosis, percent of repeat prescriptions linked to diagnosis, 

problems with Read Code of Level 3 and ratio of repeat to acute prescriptions (de 

Lusignan et al., 2004).  

Other studies have approached measuring quality through drug-morbidity pairing 

where quality is measured through the consistent use of diagnosis-drug relationships. 

Though imperfect, it is a simple measure to perform, enables individual records to be 

updated, and allows practices to benchmark themselves against their peers (General, 

2004). 

Through a broad review, Majeed, Car, & Sheikh (2008) concluded that completeness 

and accuracy of data entry relies mainly on the enthusiasm of family practitioners. In an 

earlier study, a baseline assessment for a data quality demonstrated that coding 

completeness for all primary care center consultations with a doctor ranged from 5% to 

97%. Nurses showed lower levels of coding, with nurses in some practices not using the 

computer at all for recording consultations (General, 2004). Striving for completeness 

seems the first broad step in improving the quality of general practice records (Brouwer, 

Bindels, & Weert, 2006). 

Data quality improvement studies in general practice are few and very often not up to 

the standard of intervention study methodology (Brouwer et al., 2006). Assessment of 
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both completeness and correctness has only been indirect and not patient-based (Brouwer 

et al., 2006). However, using data quality indicators in personalized feedback to low 

scoring practitioners was demonstrated to be effective. This feedback mechanism, along 

with token financial incentives, is an important factor in quality improvement (Simon de 

Lusignan et al., 2004). 

3.5 - Opportunities in Primary Care Data 

There are many opportunities to use primary care data for secondary research. As 

primary care data becomes broadly available it should enable healthcare systems to 

improve patient safety, avoid duplication of tests, provide data for research and audit the 

effectiveness of care (Azeem Majeed, 2004). 

The broadest type of information in primary care is stored as free text. In combination 

with natural language processing, these free text notes, written in the context of primary 

care‟s biopsychosocial paradigm, offer a newfound opportunity to systematically 

categorize patient characteristics for analysis in ways that were previously impossible. In 

communities where a majority of patients are in a primary care database, the information 

can be put to new, innovative uses.  
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Chapter 4 - Natural Language Processing 

 

This chapter provides an overview of natural language processing (NLP). Section 4.1 

defines NLP. Section 4.2 describes the functional architecture of NLP. Section 4.3 

describes specific NLP tools that are available for use. Section 4.4 reviews some 

examples of NLP use in a healthcare context. 

4.1 - What is NLP? 

Natural Language Processing (NLP) is the formulation and investigation of 

computationally effective mechanisms for communication through natural language. Text 

mining, or information extraction, is a sub-domain of NLP that involves extracting 

predefined types of information from text (Meystre et al., 2008). 

Several different techniques can be used to extract information, from simple pattern 

matching, such as regular expressions (also known as RegEx), to complete processing 

methods based on symbolic information and rules or based on statistical methods and 

machine learning. The information extracted can be linked to concepts in standard 

terminologies and used for coding (such as SNOMED-CT). The information can be used 

for decision support and to enrich the EHR itself (Meystre et al., 2008).  

4.2 - Functional Architecture of Text Mining and NLP Solutions 

With more advanced natural language processing systems, the software becomes a 

mechanism that enables a user to interact with document collections through advanced 

analytical tools. These software tools can be broken down into 4 components including 

pre-processing, core mining operations, presentation layers and refinement techniques 
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(Feldman & Sanger, 2007). The workflow between each component and the system user 

is shown in Figure 1 (Feldman & Sanger, 2007). 

 

Figure 1 - Text Mining Functional Architecture  

4.2.1 - Pre-processing tasks 

Pre-processing tasks includes all routines, processes and methods required to prepare 

data for a text mining system‟s core mining operations. Pre-processing tasks generally 

convert the information from each original data source into a canonical format before 

applying various types of features extraction methods (Feldman & Sanger, 2007). For 

example, a feature for a word might be its place in a sentence and its type (noun, verb, 

adjective, etc.). This helps the system understand the context and meaning of the entire 

sentence, relate nouns and pronouns and decode the overall meaning and structure of a 

sentence. 

Broadly, pre-processing can include tasks such as spell checking, document structure 

analysis, sentence splitting, tokenization, word sense disambiguation, part-of-speech 

tagging, and some form of parsing. It is critical to the analysis of information and is 

foundational for subsequent analysis. It must be configured according to the type of data, 

the source and the desired analysis. Contextual features like negation, temporality, and 

event subject identification are crucial for accurate interpretation of the extraction 

(Meystre et al., 2008).  
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4.2.2 - Core Mining Operations 

Core Mining Operations are the heart of a text mining system and include pattern 

discovery, trend analysis and incremental knowledge discovery algorithms (Feldman & 

Sanger, 2007). The analysis typically includes the review of distributions, frequency sets 

and word associations. In domain-oriented text mining systems, the quality of these 

operations can be improved through the use of existing knowledge sources and databases.  

4.2.3 - Presentation Layer Components 

Presentation Layer Components include a Graphical User Interface (GUI) and pattern 

browsing functionalities. It also provides access to a query language. Visualization tools 

and user-facing query editors and optimizers also fall under this architectural category. 

The presentation layer may include console or graphical tools for creating or modifying 

concept clusters or annotating profiles for specific patterns or patterns (Feldman & 

Sanger, 2007). 

This component represents the entirety of user control over pre-processing options and 

the analysis of results for further improvements. Without an effective and easy-to-use 

presentation layer for users, the system is highly static.  

4.2.4 - Refinement Techniques 

Refinement Techniques include methods that filter redundant information and cluster 

related data. These tools may grow to include comprehensive suites of suppression , 

ordering, pruning, generalization and clustering approaches aimed at discovery 

optimization. These techniques may also be called post processing (Feldman & Sanger, 

2007). Refinement techniques are often built into the presentation layer, but might also be 

part of a separate tool that is reviewing exported results. 
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4.3 - NLP Tools 

In healthcare, the goal of NLP is generally to extract data elements and link them to a 

database for further analysis. A commonly used database, the UMLS Metathesaurus, is 

commonly linked to free text content by using MetaMap. 

4.3.1 - UMLS Database 

The National Library of Medicine Unified Medical Language System (UMLS) is a set 

of files and software that brings together many health and biomedical vocabularies and 

standards to enable interoperability between computer systems (U.S. National Library of 

Medicine, 2011a): 

The UMLS is an effort to exploit current and emerging information technologies to aid 

the establishment of effective conceptual connections between user inquiries and relevant 

machine-readable biomedical information. The ultimate beneficiaries of the UMLS effort 

are health professionals and biomedical researchers, the initial UMLS products are 

designed for system developers. The UMLS development strategy assumes that 

information relevant to particular questions will continue to be distributed across many 

disparate databases.  (Humphreys & Lindberg, 1993, pp. 172) 

In the literature, MetaMap, MedLEE and KMCI have been used to extract UMLS codes 

from free text. In Table 1, these tools are compared in terms of licensing fee and 

documentation for ease of use.  

Table 1 - UMLS Extraction Tools 

Tool License Documentation and Support 

KMCI Free Little documentation available. Available through 

correspondence with Vanderbilt University. 

MedLEE Commercial Unknown; presumably superior support as a commercial 

product. 

MetaMap Free Thoroughly documented with support from the United States‟ 

National Library of Medicine 

 

Given its availability and cost for research, MetaMap has become a valid tool for 

providing access to the concepts in the UMLS Metathesaurus from biomedical text 
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(Aronson & Lang, 2010) and has been shown to be an effective tool for discovering 

UMLS concepts in text (Aronson, 2001). It is currently used by many groups throughout 

the world in the biomedical informatics community (Aronson & Lang, 2010). 

4.3.2 - MetaMap 

MetaMap was developed and is continuously supported by the United States National 

Library of Medicine. Kang et al. (2011) reported a 80.8 precision, 87.1 recall and 83.8 F-

Score for noun phrases and a 74.4 precision, 83.1 recall and 78.5 F-Score for verb 

phrases when MetaMap was tested as a biomedical text chunker (part of the pre-

processing) against other biomedical chunkers on 1999 Medline abstracts.  

The MetaMap project describes MetaMap online as: 

A highly configurable program developed to map biomedical text to the UMLS 

Metathesaurus or, equivalently, to discover Metathesaurus concepts referred to in text. 

MetaMap uses a knowledge intensive approach based on symbolic, natural language 

processing (NLP) and computational linguistic techniques. Besides being applied for both 

IR and data mining applications, MetaMap is one of the foundations of NLM's Medical 

Text Indexer (MTI) which is being applied to both semiautomatic and fully automatic 

indexing of biomedical literature at NLM. (U.S. National Library of Medicine, 2011b) 

 

Unfortunately, in practice the MetaMap tool is not easily scalable without further tools 

and components. It does not have the ability to review large documents or documents 

sets; sentences must be provided to the interface one at a time. MetaMap also lacks an 

advanced presentation layer and graphical user interface to review results of the linking 

to UMLS codes.  

Whereas MetaMap is an ideal tool for converting free text into UMLS codes, it is not a 

comprehensive toolkit that can be used independently on a large scale. 
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4.3.3 - General Architecture for Text Extraction (GATE) 

GATE is a full lifecycle open source solution for text processing that has been 

developed over the last 15 years. The collaborative project is broadly used for text 

processing in several domains and is freely available (Cunningham et al., 2011; 

Cunningham, Maynard, Bontcheva, & Tablan, 2002).  

GATE contains each component of the text mining functional architecture. There are a 

number of pre-processing components that can easy be configured to suite a variety of 

purposes. The graphical output and query language available through the Developer 

edition form an interface that is familiar to a programmer‟s integrated development 

environment. It is very flexible, and given its open source nature, core functionality can 

be modified to suit specific purposes. The embedded version of GATE offers a full 

featured JAVA API that allows programmatic use of all its features. 

GATE is distributed with an information extraction system named ANNIE (a Nearly-

New Information Extraction System (Cunningham et al., 2002)). ANNIE components are 

used to create a pre-processing pipeline with configurable parts that enable users to 

customize tasks such as tokenization, semantic tagging and sentence splitting. 

GATE does not have the capacity to link free text content to UMLS codes. However, 

the tool is able to access the features of MetaMap through a plugin. Once configured, 

GATE is able to open documents, pre-process text with ANNIE and submit individual 

sentences to MetaMap through a Prolog Server instance. MetaMap analyses the data and 

results of its analysis are annotated with specific UMLS mappings and returned to GATE. 

GATE uses its display and interface features to allow users to interact with the results 

graphically for debugging.  
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With GATE‟s ability to open large document repositories, process them and save the 

results, it significantly improves the accessibility to the MetaMap system by automating 

the interface and use of its features. 

4.3.4 - Key Findings 

A commonly used tool for NLP in healthcare is MetaMap. The tool is supported by the 

National Library of Medicine and freely available. The tool is able to link free text to 

UMLS codes, which can be used for statistical analysis and decision support.  

GATE is a mature natural language and text mining tool that has been available as a 

open source project for over 15 years. With its MetaMap plugin, it has the ability to 

broker volumes of data for analysis with the UMLS linking features of MetaMap. 

The combination of GATE and MetaMap is well suited to create a comprehensive 

natural language and text mining application that deploys all parts of the architecture.  

4.4 - Examples of NLP in Healthcare 

Free-text form is convenient to express concepts and events, but is difficult for 

searching, summarization, decision-support, or statistical analysis (Meystre et al., 2008). 

Several studies have used NLP tools in healthcare and have demonstrated its 

effectiveness and potential to solve this problem. Ten studies were sampled and are 

shown in Table 2. 

 

. 
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Table 2 – Examples of Healthcare Studies with NLP 

Goal of Study Tool Used 

Identification of Colorectal Cancer Testing in EMR 

(Denny et al., 2011) 

KMCI 

(Similar to MetaMap or 

MedLee) 

Extract follow-up provider information from hospital 

discharge summaries (Were et al., 2010) 

REX 

(UMLS codes not extracted) 

Combine NLP with Coded Data To Automatically 

Code Patient Outcomes (Saria, McElvain, Rajani, 

Penn, & Koller, 2010) 

Custom Software 

(Did not map to UMLS) 

Develop a manually annotated clinical document 

corpus to identify phenotypic information for 

inflammatory bowel disease (South et al., 2009) 

MedLEE 

Predict Quality of Life From EMR Records 

(Pakhomov et al., 2008) 

MetaMap and SVM 

Calculation of Non-Adherence from EMR (Turchin, 

Kolatkar, Pendergrass, & Kohane, 2007) 

Pearl and RegEx 

Design a Spell Checker for Vaccine Safety (Tolentino 

et al., 2007) 

UMLS, Metathesaurus, 

WordNet+ 

Extract and Code Clinical Radiology Reports (Friedlin 

& McDonald, 2006) 

REX 

(Did not use UMLS) 

Review patient e-mails and automate responses 

(Brennan, 2003) 

MetaMap, Nursing Vocabs+ 

Compare MetaMap Coding vs People (Pratt & 

Yetisgen-Yildiz, 2003) 

MetaMap 

4.4.1 - Health Information Extraction with NLP 

Several studies have successfully extracted information from free text with NLP. (Were 

et al., 2010) successfully configured and used the Regenstrief EXtraction tool (REX) to 

extract follow-up provider information from hospital discharge summaries. (Turchin et 

al., 2007) calculated non adherence by implementing regular expression searches in Perl 

5.8 and found non-adherent word tags. (Gundlapalli et al., 2008) were able to 

successfully categorize patients with specific clinical conditions by using the MedLEE 

NLP system. This included finding those at risk or those with symptoms that might lead 

to the diagnosis of inflammatory bowel disease.  
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Chen et al. (2007) used a sample size of 139,000+ documents while aiming to find 

disease-drug pairing patterns. While no specific tools or techniques or results were 

presented, the study is interesting in its ability to look at several years of data and assess 

trends, based solely on free text. It is also interesting because it successfully used a large 

sample size. 

Tolentino et al. (2007) used NLP and UMLS to spell check and clean data for the 

purposes of vaccine safety. It used a number of different sources for its dictionary 

construction, and it produced an F1 of 85%. The study presented a detailed methodology 

and is a good example of NLP‟s power to correct and interpret abbreviations and short 

form text.  

Brennan (2003) did an earlier study that used NLP to detect UMLS concepts in e-mail. 

The researchers used MetaMap and used a variety of vocabularies in addition to the 

UMLS Metathesaurus.  The researchers found that nursing vocabularies provided an 

excellent starting point for the exercise and in the end concluded that the best 

performance was found with nursing vocabularies that were complemented by selected 

clinical terminologies. The study did not report specific recall or precision. 

The studies demonstrate the way in which different NLP have been used in healthcare 

to serve a broad and highly customizable number of purposes. 

4.4.2 - Comparisons to Manual Review 

Two studies compared NLP to manual reviews as gold standards. Pratt and Yetisgen-

Yildiz (2003) noted that MetaMap does an excellent job at extracting common 

biomedical concepts from free-form text and that in the cases where it was not able to 

identify a theme, the cause was that it was not included current UMLS database. They 
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noted that recall performance is determined largely by the coverage of biomedical terms 

in the UMLS, and can only be increased substantially by a corresponding increase in the 

UMLS vocabulary (Pratt & Yetisgen-Yildiz, 2003). Since the study it somewhat dated 

and since much more work have been introduced to the UMLS vocabulary, this is less of 

a concern in 2011. 

More recently, a study found that using NLP to detect colorectal cancer screening test 

was more effective than using traditional methods both billing and manual reviews. The 

NLP has better precision and marginally lower recall compared to bill record review 

(Denny et al., 2011). It did offer good evidence that NLP was able to produce similar 

results to other, code- based techniques. 

4.4.3 - Free Text versus Coded Data 

Studies have explored combining free text with coded data. Using free text (through 

NLP) in data extraction demonstrated that additional depth can be found in using free text 

data, that would otherwise not be available by relying purely on coded sources. A 2010 

study created a custom tool to analyze free text and coded data simultaneously to improve 

overall precision and recall. It noted that using NLP in addition to coded field increased 

data interpretation and accuracy (Saria et al., 2010). The study did not compare results to 

a NLP only analysis. 

In 2008 a study used MetaMap in combination with machine learning to predict patient 

responses on standardized quality of life assessments. It extracted data from physician 

notes (NLP) and attempted to infer the quality of life scores (coded). The researchers 

used a Multi-threaded Clinical Vocabulary Server developed by the Mayo Clinic. The 

server used natural language processing to assign free text elements to a controlled 
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representation. The gold standard was compared against two general internists and 

infectious diseases sub-specialist (Elkin et al., 2008). The technique demonstrated that 

free text could be used to predict coded data fields by using a SVM model. 

4.4.4 - Key Findings 

Natural language processing and information extraction techniques have been 

employed in healthcare to calculate non-adherence, categorize clinical conditions, 

increase vaccine safety and detect diseases. A common goal is to use free text and 

convert it into codes for analysis. The studies have been successful compared to manually 

coding information. The results of the studies indicate that free text can enhance, or 

predict, coded data fields in a healthcare context. 
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Chapter 5 - Methodology 

 

This chapter describes and justifies the selected methodology to answer the research 

question stated in Chapter 1. Section 5.1 describes the case study approach. Section 5.2 

describes the data selection procedure. Section 5.3 describes the analytical tools used to 

process the data. Section 5.4 describes the data collection procedure. Finally, section 5.5 

describes the regression analysis and statistical model. 

5.1 - Case Study Method 

The case study methodology is a research strategy which focuses on understanding the 

dynamics present within a single setting. Case studies typically combine data collection 

methods such as archives, interviews, questionnaires, and observations. The evidence 

may be qualitative or quantitative, or both. Case studies can be used to accomplish 

various aims such as providing description, testing theory, or generating theory 

(Eisenhardt, 1989). Case studies are an empirical inquiry, in which the focus is on a 

contemporary phenomenon within real-life contexts. Boundaries between phenomena and 

its context are not clearly evident and the method is suitable for studying complex social 

phenomena. Case studies can be explanatory, exploratory or description and may be 

single or multi modal (Yin, 2009). Given available data and the research question, a case 

study methodology is an appropriate methodology. 

Eisenhardt (1989) suggests a nine step procedure for conducting case study research 

including (1) defining the research question, (2) selecting cases, (3) crafting instruments, 

(4) collecting data, (5) analyzing data, (6) shaping a hypothesis, (7) comparing to the 
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literature and (8) closing the research. Details of the case study methodology are provided 

in Appendix B.  

The implementation of the case study methodology is shown in Figure 2, where the 

data selection, instrument creation, collection and analysis steps are accomplished 

through the methodology. In the discussion and conclusions of the study, the comparison 

to the literature and validation of the process is examined.  

Data Selection
Primary Care Free Text

Hospital CTAS

Craft Instruments
NLP + Custom Toolkit

Collect Data
CDS 3.0 -> MySQL, CSV -> MySQL

Analyze Data
SQL Querries, Regression

Shape Hypotheses
Interpret Regression

Compare to Literature
Similarities and Differences

Closure
Validate Tools and Process

 

Figure 2 - Case Study Method 

5.2 - Data Selection 

There are two data sources. The first data source is free text from primary care records. 

The second data source is hospital emergency room use data, including Canadian ED 

Triage and Acuity Instrument (CTAS) scoring for patient emergency room visits. 
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5.2.1 - Primary Care Data 

Free text data will be used as the data source of bio-psycho-social information, along 

with age and sex. Lab values will be not be used. To create a meaningful case study and 

to minimize selection bias, data was taken from different sources. For convenience and 

reasons of availability, the data was chosen from an EMR system in Ontario and the data 

was exported into the standardized CDS 3.0, XML format.  

The population of Ontario was estimated to be 13,161,183 in April 2010. Based on a 

margin of error of 2%, a 98% confidence interval and a 50% response distribution, a 

sample of 3,383 patient records was required for analysis. To avoid selection bias 

associated with education, training and practice style, 8 physicians with different 

education, graduation years and practice size were selected; age, year of graduation, 

school and patient roster size for each physician in the cohort shown in Table 3. 

Table 3 - Doctor Cohort 

Sex Graduation 
Year 

School Roster Size 

M 2007 McMaster University 984 

M 2003 Queen's University 1157 

F 1981 The University of Western Ontario 1390 

M 1988 The University of Western Ontario 1747 

M 1991 University of Calgary 1969 

F 2000 University of Karachi 776 

F 1987 University of Toronto 1484 

F 1980 University of Toronto 1954 

The total roster size for the cohort is 11,461 registered patients. There are additional 

unregistered patients that will be included in the analysis, for a total of 13,836 records. 

The graduation year of the physicians is spread across 27 years. There are 4 male and 4 

female physicians, graduating from 6 different schools. The physicians and patients were 
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from the same clinic in Guelph, Ontario, where there was media and community support 

in answering the research question (Kirsch, 2011).  

There are several strengths to this dataset.  The City of Guelph does not have a 

shortage of primary care physicians; many physicians are still actively recruiting. It has 

been reported that there is room for another 4,000 patients at the Guelph Family Health 

Team alone (Kirsch, 2011). Visits to the emergency room that are associated with a lack 

of a primary care provider will be minimized as much as possible. 

Another advantage to the dataset is that the physicians and patients are members of a 

Family Health Team, giving them access to dietitians, pharmacists, nurse practitioners, 

and mental health counsellors. Each of these professionals has direct charting access to 

the patient chart and their clinical notes will be included in the analysis. The amount of 

biopsychosocial data will be much richer than a typical physician office that does not 

have these additional resources.  

To simplify the analysis, only age, sex and free text notes are taken into consideration. 

The dataset will be provided by the Guelph Family Health Team as a series of de-

identified CDS 3.0 files (OntarioMD, 2008). Each file will represent one patient chart.  

5.2.2 - Emergency Room Data Selection 

The Canadian ED triage and acuity instrument (CTAS) is a system implemented in 

Canadian hospitals. It is designed to accurately define patient needs for timely care and to 

provide emergency departments with a tool to evaluate patient acuity level and resource 

needs. The key concepts of the CTAS design are utility, relevance and validity 

(Beveridge et al., 1999).  
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In the 2008 revised guidelines, CTAS levels are defined as Level 1 – resuscitation, 

Level 2 – Emergent, Level 3 – Urgent, Level 4 – Less Urgent and Level 5 – Non urgent. 

It also updated the presenting complaint list, the first order modifiers, second order 

modifiers and the mental health complaint modifiers (Bullard, Unger, Spence, & 

Grafstein, 2008). (J Murray, 2003) concluded there was sufficient evidence that CTAS 

was a valid marker of acuity and noted that it has received widespread acceptance and 

use across Canada. (Vertesi, 2009) and (Field & Lantz, 2006) used CTAS levels to 

identify non urgent patient visits. The studies categorized CTAS level 5 and level 4 as 

non-urgent.  

Guelph General Hospital (GGH) is a comprehensive acute care facility providing a full 

range of services to citizens of Guelph and Wellington County. It serves a population of 

180,000 patients (Guelph General Hospital, 2010). It is the only acute care emergency 

room in Guelph. 

The Guelph Family Health Team requested a report from Guelph General Hospital to 

support an ongoing investigation in emergency room use with the Waterloo Wellington 

Local Health Integration Network. The data was de-identified and filtered and provided 

for analysis in an Excel spreadsheet. The data includes 

- Patient visits to the emergency room for all patients associated with the physician 

cohort; and 

- Patient visits within the last 12 months; and 

- No filtering on CTAS levels; all emergency room visits will be included 
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GGH uses the Meditech Hospital Information System and the report was generated by 

an experienced analyst. The CTAS scores will be used to categorize patients as either 

urgent or non-urgent users of the emergency room. 

5.3 - Study Instruments 

For data collection in the case study, a single method and procedure is used. The 

Natural Language Processing Tools used have been reviewed in detail in Chapter 4. 

MetaMap will be used for Natural Language Processing and convert free text into 

Unified Medical Language System (UMLS) codes. However, MetaMap processes data 

one sentence at a time. Another tool, General Architecture for Text Extraction (GATE), is 

used to open a corpus (i.e. a series of document) and then provides MetaMap with the 

content to annotate, and then saves the results. The annotated data is saved as an XML 

file and then stored a MySQL database for statistical analysis and custom queries. 

A toolkit was developed to combine the MetaMap, GATE and MySQL into a single 

interface for the data extraction. The high level architecture is shown in Figure 3. Details 

regarding the configuration and installation of MetaMap and GATES are presented in the 

experimental method in Chapter 6. 

 

Figure 3 - Data Extraction Procedure  
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The annotated data that is extracted from MetaMap and the GATE Developer is saved 

in an XML format. In order to regress and analyze large quantities of data, data stored in 

individual XML files is not efficient. A tool was required to take the results from GATE 

and MetaMap and insert them into MySQL for further analysis. Such a tool did not exist. 

A data extraction toolkit was developed in Java that took advantage of the GATE 

Embedded API for NLP, the JDBC library for database integration and the Java DOM 

libraries for XML manipulation. The tool was wrapped with a configurable and 

interactive Graphical User Interface to process the corpus. The detailed specifications of 

the application are shown in Appendix D. A screenshot is shown in Figure 4. 

 

Figure 4 - Data Analyzer Tool 
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5.4 - Data Collection and Linking 

In order to relate the results of natural language processing to the emergency room visit 

information, a common, but unidentifiable, primary key was required. 

(Churches & Christen, 2004) suggest hashing a patient identifier to enable blindfolded 

record linkage. This is an effective way to respect privacy while enabling linking. The 

data provided by the Guelph Family Health Team hashed the health card number in the 

free text records and also hashed the health care numbers in the emergency room data. 

The primary key is linkable in both data sets, but not reversible. 

The primary care data was collected from the Guelph Family Health Team. A search 

was performed on their EMR system for all patients of the selected doctor over the age of 

0 days. After the search was complete, the data was exported from Practice Solutions 5.1 

into Ontario MD‟s CDS 3.0 XML specification. All demographic information and 

identifiable information was removed by the Guelph Family Health Team. The patient 

identifying number was hashed using an unknown salt. A report was also provided by the 

Guelph Family Health Team on hospital visits, with the patient key hashed for privacy 

and linking. A copy of the letter sent to request access to de-identified information is in 

Appendix C. 

The de-identified data was provided on an encrypted USB stick and analyzed by the 

data analyzer toolkit. 

5.5 - Regression Analysis 

Many studies presented odds ratios regarding for patients inappropriately using the 

emergency room. The most common codes for inappropriate will be tested against the 

larger patient population to determine their capabilities as predictors. 
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Logistic regression allows one to predict a discrete outcome, such as group 

membership, from a set of variables that may be continuous, discrete, dichotomous, or a 

mix of any of these. In logistic regression, the dependent or response variable is 

dichotomous. Discriminant analysis is also used to predict group membership with only 

two groups. In instances where the independent variables are a categorical, or a mix of 

continuous and categorical, logistic regression is preferred (San Francisco State 

University, 2002). Logistic regression is useful when predicting a binary outcome from a 

set of continuous and / or categorical predictor variables (Kabacoff, 2011).  

The logistic regression model works well in this case, where the relationship between 

membership (e.g. inappropriate user or not) is dichotomous. A set of variables (e.g. age, 

sex and UMLS codes) influence this membership, as shown in Equation 1, where β 

represents each variable‟s influence. 

Equation 1 - Logistic Regression Equation 

 

No statistical model is built to handle the size of the entire UMLS database. The 

logistic regression would be over a possible 2 million β coefficients, which would result 

is extremely complex and long computation times, and undecipherable results. To 

simplify the model, the most prominent UMLS codes from inappropriate users will be 

extracted, and these factors will be used to predict inappropriate use for the entire 

population. For example, if the most common UMLS code for inappropriate use is 

„depression‟, this code will be used as one of the β coefficients. Logistic regression will 

be used to compute odds ratios for patients with depression using emergency services 
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inappropriately, versus using emergency services appropriately. The dataset will include 

patients who have used the servies inappropriately, those who have used it appropriately 

and those who have not used it at all. This will enable logistic regression for each β 

coefficient as a predictor of using ER inappropriately for the entire study cohort.  

Determine what UMLS factors are common in nonurgent use, and determine if they are 

predictors. 

The dependent and independent variables for the logistic regression model are shown 

in Table 4. Each patient in the entire dataset will be assessed as having the one for the 

UMLS codes from the Unique Codes List in the descriptive statistics analysis. 

Table 4 – Variables for Logistic Regression 

Analysis Goal Independent 

Variable 

Dependent Variables Dataset 

Odds Ratio for 

Using ER 

Inappropriately 

Binary Value: 

Yes = Using the 

Emergency Room 

Inappropriately; 

No = Not Using ER 

Inappropriately 

(CTAS 5-4 versus 

CTAS 1-3 or no 

visit) 

A Unique Codes List found 

through descriptive statistics 

analysis. This will form 20 

dichotomous vectors in the 

dataset. 

1 =Yes = UMLS code present 

0 = No  = UMLS code not 

present 

Entire 

dataset 

including 

all patients 

who have 

visited the 

ER in the 

previous 3 

years or not.  

 

Based on the p-values of the coefficients, some UMLS codes may not make a significant 

contribution to the equation. In this case, a second equation can be created without them 

and the reduce model can be tested. Both models can be compared using an Anova, chi-

squared test. Based on the resulting value, the simplified model can be considered. Table 

5 represents the dataset the regression model that will be solved. 
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Table 5 - Regression Model 

Patient ID Age Sex UMLS Code1 UMLS Code2 UMLS Coden 

1234 22 M 1 0 0 

5678 45 F 0 1 1 
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Chapter 6 - Experiment 

 

This chapter describes the detailed experimental procedure used to extract and analyze 

the data. Section 6.1 describes the installation and configuration of the virtual machines 

and software tools. Section 6.2 describes the scripts and format of data used for collection 

and import. Section 6.3 describes specific statistical tools and scripts used for regression. 

6.1 - Environment Setup and Configuration 

6.1.1 - MetaMap 2011 

MetaMap was installed on a Unix based virtual machine. The virtual machine was 

configured in the industry standard VMWare Server Host 2.0, which is freely available 

online. The benefit of configuring the MetaMap instance in a virtual machine is that it 

becomes transportable from one system to another, and enables the easy addition of 

virtual resources, as required. 

The installation for MetaMap was downloaded from the National Library of Medicine 

after accepting the terms of the UMLS Metathesaurus License Agreement. The download 

included the MetaMap 2011 binaries, the MedPost/SKR server, the WSD server and the 

2011 Strict Data Model UMLS United States database. After following the instructions 

for installation and download prerequisite software, the system was tested and validated 

per the instructions. The server was activated by running: 

sudo ./home/metamap/public_mm/bin/asdfasdf start 

sudo ./home/metamap/public_mm/bin/wasdf start 

 

In order to work with the MetaMap through GATE and Java, the MetaMap Java API 

was downloaded after the Sun J ava Runtime Enrivonmenet 1.6 was installed. The 
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MetaMap Java API was installed and tested per the instructions of the National Library of 

Medicine. The file, mmserver10, was modified. The line with “ACCEPTED HOSTS=” 

was changed to include other remote server connection the MetaMap instance. After 

saving the change, the Java API server, MM Server 2011, was launched with the 

following command: 

sudo ./home/metamap/public_mm/bin/mmserver10 

 

A screenshot of the fully running MetaMap solution in the Ubuntu Virtual machine is 

shown in Figure 5. 

 

Figure 5 - MetaMap Running in Ubuntu 

6.1.2 - GATE 6.1 Developer 

The developer tool is described as an integrated development environment (IDE) for 

natural language processing (The University of Sheffield, n.d.). It features a rich 

Graphical User Interface that can be used to test parameters, plugins and tools for Natural 
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Language Processing. GATE has a built in MetaMap plugin that is part of its general 

software distribution.  

The tool is ideal for testing natural language processing tools on a small scale. The 

results of the training and testing of the tool can be exported as an „application state‟ and 

used with the GATE Java API to process information from other applications.  

To train GATE with the Developer tool, a small corpus of test data was used. Once 

loaded as a corpus, Processing Resources can be selected and dragged into the 

Application. The MetaMap NLP application was loaded with Document Reset PR (to 

remove previous annotations from memory), the ANNE English Tokiniser the Annie 

Gazetter, the ANNIE Sentence Splitter, the ANNIE POS Tagger, the Annie Transducer, 

and ANNIE OrthoMatcher and finally, the MetaMap 2010 annotator. These settings take 

advantage of the GATE pre-processing features before using MetaMap. A screenshot of 

the configuration interface is shown in Figure 6. 
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Figure 6 - GATE - Configuration 

 

Once the application settings have been put in sequence as processing resources, the 

GATE application can be run by click “Run this Application”.  

As the application runs, the MetaMap instance running in Ubuntu shows activity. For 

each element discovered by the GATE system, a querry is generated to the Ubuntu 

MetaMap instance and the terminal shows an active connection. 

Once the processing is complete, the results can be viewed by click on the „Test 

Document”. The annotations are highlighed in green. Click on a higlighted section 

displays information about the annotation retereived by GATE. A screenshot of the 

results interface is shown in Figure 7. 
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Figure 7 – GATE - Results 

 

By testing different settings, running the application, and inspecting the annotation 

results, the GATE Embedded tool allows the NLP process to be tested and analyzed 

graphically. Once settings are satisfactory, the application state can be exported and used 

with the GATE Embedded API.  

6.1.3 – MySQL Configuration 

The performance of MySQL was configured with the follow settings to improve 

performance with a large dataset. 

Table 6 - MySQL Performance Settings 

Parameter Setting 

key_buffer 600M 

table_cache 300 

sort_buffer_size 500M 

read_buffer_size 200M 

query_cache_limit 3M 

query_cache_size 100M 

join_buffer_size 100M 
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The following database model was used to store data. 

 

Figure 8 - Database Model 

Stored procedures, functions and views were used to insert and extract data from the 

database. The procedures are shown in Appendix E. 

For every new record, the AddPatient stored procedure was used to record the hash, 

and generate an integer ID number as the primary key linking to other database tables. 

For every concept ID entered into the database, the CreateConceptID stored procedure 

was used to record the concept‟s preferred name, source and common name. This ensured 

that the data could be sorted by name and source afterwards, but enabled only the codes 

from the dataset to be captured, instead of the ensure UMLS database. 

After the concept ID was created in the database, each annotation was added with the 

InsertNewAnnotation stored procedure, which recorded the patientID, conceptID and 

score.  

ERVisits

PK visitsID

 famDoc
FK1 hcn_hash
 VisitDate
 CTAS
 Reason
 TimeOfDay

AnnotationResults

PK idAnnotationResults

FK1 ConceptID
 NegExType
 Score
FK2 patID

patIndex

PK patID

 age
 gender
 hcn_hash

ConceptIDs

PK conceptID

 preferredName
 Sources
 ConceptName
 Ignore

RegressionResults

PK,FK1 ConceptID

 Estimate
 StdError
 ZValue
 Significance
 CoeffVal
 ExpCoeffValue
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Functions were created to assist in generating reports. The first function, 

patCodeCount, took the ConceptID and patientID and returned the number of times the 

code was assigned to the patient in the AnnotationResults table. Another similar function, 

patCodePresence, returned 1 if the code was present at all, or 0 if it was not present. The 

functions countCTAS-1-2-3 returned the number of visits for the patient that were either 

1, 2 or 3. The function countCTAS-4-5 returned the number of emergency room visits that 

where CTAS 4 or 5. These functions were key in generating the regression model. 

Two views were created to summarize data for further analysis. The first view, 

All_Codes, summarized all the codes that were used in the dataset. It reports the code ID, 

the number of times the code was annotated, the number of patients that have the 

annotations at least once, the code common name, the preferred name and database 

source (e.g. SNOMED-CT). This view is sorted by the number of patients that have the 

annotation. The second view provided a list of patient, by ID, and their use of the 

emergency room as NotAppropriate (CTAS 4 or 5) and Appropriate (1, 2 or 3). This two 

views can be used for qualitative data analysis. 

A final stored procedure created the data model for regression. It received as 

parameters the database source (e.g. SNOMEDCT or all databases), the limit of patients 

to display (e.g. 0 for all patients, or 50 for top 50 records), the minimum patients with the 

code (e.g. only show codes that are present in at least 50 records), and the maximum 

amount of codes (e.g. only show codes that are present in no more than 1000 records). 

The parameters provide the control needed to generate any desired report. The stored 

procedure takes the parameters, generates a list of UMLS codes that meet the criteria and 

then generates a crosstab with the UMLS codes as columns, and patients in rows, per the 
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regression model. Because of software constraints in MySQL, the maximum number of 

columns (e.g. UMLS codes) is 4000. Once run, the results can be generated and analyzed 

in R. 

6.1.4 – R language and Environment 

R is a language and environment for statistical computing and graphics. It‟s an open 

source solution to data analysis that‟s supported by a large and active research 

community (Kabacoff, 2011).  R was selected because of its zero cost, comprehensive 

features, data connectors, graphing capabilities and varied interfaces.  

R was downloaded freely online. It was installed on Windows 7 64-bit through the 

Microsoft Installation services wizard. In addition, RStudio was downloaded to provide 

an integrated development environment and debugger. 

6.2 – Raw Data Collection 

To collect the daw data, first the NLP Toolkit was used on the primary care data in 

CDS 3.0 format and stored in MySQL. Secondly, the data from the hospital was loaded 

into MySQL 

6.2.1 – Primary Care Data Extraction 

The import data into the database, the de-identified records provided by the Guelph 

Family Health Team were loaded into the Ubuntu Virtual machine by a USB stick. The 

files were then copied onto an encrypted virtual disk on /Media/Data/. 

The Toolkit was then loaded. The corpus directory field was pointed to /Media/Data. 

The GATE settings that were tested in section 6.1.2 were set to be loaded by specifying 

its path in the GATE Application File line. A log name was specified, and the results were 

configured to be stored in the AnalyzedFiles directory. The annotations created by GATE 
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that were kept was specified in the AnnotationsToExport field. The MetaMap 

annotations, created through the use of the MetaMap plugin, were of obvious interest. 

After the fields were configured, the Process Data button was pressed to kick off the 

analysis. The desktop was setup to show the MetaMap console, the system monitor and 

the toolkit at the same time. A sample of the setup is shown in Figure 9.  

 

Figure 9 - Data Extraction 

6.2.3 – Hospital Data 

The Guelph Family Health Team requested emergency room use data from the Guelph 

General Hospital. The data was provided with the columns: Family Doctor, Health card 

number hash, Date of visit, CTAS score, Reason and Time of day.The Guelph Family 

Health Team hashed health care number with an unknown salt before providing the data 

for analysis.  
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The file was opened with Microsoft Excel and then saved in a Command Seperated 

Value (CSV) format. The data was then loaded into a MySQL database with the 

following command: 

LOAD DATA LOCAL INFILE „C:\\temp\\data.csv‟ INTO TABLE ERVisits FIELDS 

TERMINATED BY „;‟ ENCLOSED BY „\‟„; 

6.3 – Data Analysis 

To analyze the data, the R package was used in conjunction with MySQL. The data 

was exported from MySQL by using the stored procedures shown in Appendix E. 

6.3.1 – Descriptive Statistics Analysis 

The data was analyzed with MySQL querries. The following query generated a report 

containing all the results: 

Select * from Codes_All ca inner join Codes-Stats_Results csr on csr.ConceptID = 

ca.ConceptID. 

 

To describe the data with statistics, the Codes_All and PatientInfo views were exported 

from MySQL to a CSV file. The CSV file was then imported into R with the following 

command: 

Data_Vector <- read.csv("D:/Documents/MyCSVFile") 

Histograms were generated for the data with the following command. 

par(mfcol=c(1,1) 

y <- Data_Vector$variable  

h<-hist(y, min=1, breaks=20, col="red", xlab="xAxisTitle",  main="Title") 

 

A summary of the data can also be generated with the following commands. 

summary(Data_Vector) 

6.3.2 – Logistic Regression Analysis 

The following script was created for use in R. It performs the required Odds Ratio 

analysis on each detected UMLS code present in the query. The program takes each 
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column and does a separate regression, controlling for age and sex. The results are stored 

in separate vectors and combined into a data frame. The data frame contains the UMLS 

code and the results of the regression. The results table is then exported to a CSV file. 

This code enables the regression of a large number of codes. 

# Justin St-Maurice 

# November 17, 2011 

# Regress each UMLS code in columns 

# in the for loop 

 

datasetName = "PresenceData" 

 

# create a new dichotomous factor for innappropriate use or not 

UMLSCodingResults$yn_InnappropriateUse[UMLSCodingResults$NotAppropriateERVi

sits > 0] <- 1 

UMLSCodingResults$yn_InnappropriateUse[UMLSCodingResults$NotAppropriateERVi

sits == 0] <- 0 

UMLSCodingResults$yn_InnappropriateUse <- 

factor(UMLSCodingResults$yn_InnappropriateUse, 

                                          levels=c(0,1), 

                                          labels=c("No","Yes")) 

 

#setup results vectors 

name <- c("Code ID")   #name vector 

estimateV <- c("Estimate")   #estimate vector 

stdV <- c("Std. Error")   #std vector 

zV <- c("z value")   #z value vector 

prV <- c("Pr >|z|")   # Pr(>|z|) vector 

coeffs <- c("Coefficients")   # Regression Coefficients 

expcoeffs <- c("ExpCoefficients")   # Exp. Regression Coefficients 

 

# get colums (variables) that have UMLS Cxxxxx codes (e.g. ignore gender, etc. columns) 

ranges = grep("C", colnames(UMLSCodingResults)) #only get code columns 

colnames = colnames(UMLSCodingResults)[ranges] # create a list of the desired cols  

 

# for each UMLS code 

for (i in colnames) { 

   

   # create the regression formula based on the current column 

   loop_formula <- as.formula(paste("yn_InnappropriateUse ~ + ", i, "+gender+age"))  

   # do the regression analysis based on age, sex, and the code on its affect on YN 

   fit <- glm(loop_formula, data=UMLSCodingResults, family=binomial()) 
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   ### SAVE RESULTS TO VECTORS ### 

      #name vector 

   name = append(name, i) 

     #estimate vector 

   estimateV = append(estimateV, summary(fit)$coefficients[2,1]) 

   #std vector 

   stdV = append(stdV, summary(fit)$coefficients[2,2]) 

   #z value vector 

   zV = append(zV, summary(fit)$coefficients[2,3]) 

   # Pr(>|z|) vector 

   prV = append(prV, summary(fit)$coefficients[2,4]) 

   # Regression Coefficients 

   temp_coeffes = coef(fit) 

   coeffs = append (coeffs, temp_coeffes[2])       

   # Exp. Regression Coefficients 

   temp_expcoeffes = exp(coef(fit)) 

   expcoeffs = append (expcoeffs, temp_expcoeffes[2] )  

   

 }## end loop  

 

results = data.frame(estimateV, stdV, zV, prV, coeffs, expcoeffs) #combine vectors  

results <- results[c(-1),] #remove the first row, which is labels 

 

 

#EXPORT RESULTS TO A FILE 

today <- Sys.Date() 

filePath = paste("D:/Documents/My Dropbox/UVic/Thesis/Data/data_", datasetName , 

format(today, format="_%b_%d_%Y") ,".csv") 

write.table(results, filePath, sep=",") 
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Chapter 7 - Results 

 

This chapter presents the results of the data analysis. Section 7.1 presents information 

about the quantity of data extracted and performance statistics. Section 7.2 describes 

results and characteristics of the patient cohort. Section 7.3 describes information about 

the number and significance of biopsychosocial concepts.  

7.1 - Processing and Data Points 

 

The processing of the data was done in 4 steps that included the code extraction, the 

data import, the query generation and regression. 

The code extraction and data import phases were done with the NLP Toolkit. The 

query generation was done through MySQL and the regression with R. The total 

computing time was 180 hours, and 54 minutes. On average, the processing time per 

record was 47 seconds. The breakdown of time per activity is shown in Table 7. 

Table 7 - Processing Time 

Activity Total Time (hours: 

minutes) 

Average Per Record Computer Specifications 

Code Extraction 158 hours, 4 minutes 41 seconds 2Core, 10Gb Ubuntu VM in 

12 Core, 32Gb ESXi Host 

Data Import 5 hours, 16 minutes < 1 second 2Core, 10Gb Ubuntu VM in  

4 Core, 10Gb VMServer Host 

MySQL Query 17 hours, 24 minutes 7.5 seconds 2Core, 10Gb Ubuntu VM in 

4 Core, 10Gb VMServer Host 

Regression 0 hours, 10 minutes < 1 second Windows 7 on 4 Core, 10Gb 

Total Time 180 hours, 54 minutes 47 seconds  

 

The extraction process with the NLP Analyzer Toolkit took 158 hours and 4 minutes to 

complete (roughly 6 days). The XML sections that were used from the CDS 3.0 standard 

for natural language processing were Demographics, MyClinicalNotesContent, 
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PastHealth, PersonalHistory, ProblemList and RiskFactors.  The process had to be 

restarted 3 times because of a memory error associated with the Prolog component of the 

MetaMap tool. This caused a loss of several hours as the process was not restarted until 

the following morning. The actual time was closer to 8 days.  A total of 13,878 files were 

analyzed. The total size of the outputted files, with full annotations, was 2.2 Gigabytes.  

The average processing time per record was 42 seconds, or 0.24 seconds per outputted 

Megabyte. 

Once the data was analyzed, it was imported into MySQL. The import process took 5 

hours and 16 minutes using the NLP Analyzer Toolkit. The average time was under 1 

second per record. A total of 10,823,636 codes were extracted and imported into the 

database. There were 38,263 distinct codes.  

The stored procedure patient_TopXCodePresence(„‟, 0, 138) was used to create a 

matrix with all patients and a code presence indicator. The number 0 meant the UMLS 

concept was not present in chart, and the number 1 meant it was present somewhere in 

the chart. For the entire patient population (13,837 records), 4028 columns (codes) were 

generated.  Whereas a total of distinct 38,263 codes were detected, only 4028 codes were 

present in 99% of the patient population and therefore used in the regression model. This 

was a logical way of limiting the number of codes to include in the model while 

respecting the limit in MySQL of 4096 columns. The query took 17 hours and 24 minutes 

to execute. The resulting data was exported to a command delimited file, which was 

106.1 Megabytes in size.  
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The exported data was regressed to determine the predictive value of each concept ID 

in R. For the 13,837 x 4034 matrix, R was able to compute each model, 

InnappropriateUseYN ~ Age + Gender + Coden, in 10 minutes. 

7.2 - Population Data 

 

The patient population from the physician cohort included 13,878 records. The records 

from 41 patients were dropped because of null or duplicate health cards that prevented 

linking to emergency room use. The sample included 6396 men and 7437 women. The 

age distribution and age density of the population is shown in Figure 10.  

 
Figure 10 - Age Distribution (Entire Population) 

 

The local hospital generated a report for all emergency room visits over the last three 

years from patients who were registered to the cohort doctors. In total, 7466 visits were 

reported from 3976 distinct patients. There were 10 visits for 5 patients whose emergency 

room visit was recorded with a null health card number and considered unusable. In 

addition, 276 records from the emergency room visit data did not match any records from 
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the primary care dataset. This was likely caused by erroneous or mismatching healthcare 

number. After removing these records, 6923 visits were used from 3690 patients.  

Over a three year period (November 1, 2008 to October 31, 2011) the overall 

population had a 26% incidence of emergency room usage. In the past three years, 1931 

patients had used the emergency room inappropriately (13.9%). In the previous year, 798 

patients had used the hospital inappropriately (5.7%). Overall, 39.13% of emergency 

room visits were CTAS 4 or 5, and considered inappropriate. A frequency distribution of 

the CTAS levels is shown in Figure 11. An age distribution of inappropriate users is 

shown in Figure 12. 

 
Figure 11 - CTAS Frequency Distribution 

 

Figure 12 - Age Distribution for Inappropriate Users 
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There were 10,823,636 annotations extracted from the 13,836 records in the cohort. The 

number of codes per patient varied from 1 to 9031. A histogram of the total number of 

annotations per patient record is shown in Figure 13. There are no records for 0 

annotations. 

 

Figure 13- Total Annotations Per Chart 

 

There were 38,263 distinct codes extracted from the 13,836 records. The number of 

distinct codes per record varied from 1 to 1896. A histogram of the number of distinct 

codes found in patient records is shown in Figure 14. There are no records for 0 

annotations. 

 
Figure 14 - Total Unique Annotations Histogram 
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For the 13,836 records from the cohort, the age, emergency room use and annotation 

characteristics are shown in Table 8. Table 9 shows the same data, but only for 

inappropriate users. 

Table 8 - Patient Characteristics (Entire Population) 

 Age Inappropriate 

ER Visits 

Appropriate 

ER Visits 

Total 

Annotations 

Total Different 

Concepts 

Min 0 0 0 1 1 

1
st
 Quarter 21 0 0 274 187 

Median 38 0 0 588 331 

Mean 38.35 0.1958 0.3046 782.3 367.6 

3rd Quarter 54 0.00 0 1055 502 

Max 101 9 26 9031 1896 

 
Table 9 - Patient Characteristics (Inappropriate Users) 

 Age Inappropriate 

ER Visits 

Appropriate 

ER Visits 

Total 

Annotations 

Total Different 

Concepts 

Min 0 1 0 1 1 

1
st
 Quarter 20 1 0 426 264.5 

Median 35 1 0 844 431 

Mean 38.09 1.43 0.8881 1090 470.3 

3rd Quarter 54 2 1 1444 627 

Max 98 9 26 9031 1770 

 

7.3 - Annotation Data and Statistics 

As previously noted, 10,823,636 annotations were extracted from the 13,836 records in 

the cohort. There were 38,263 distinct codes. 

10,594 distinct codes (27.68%) were only present in a single patient record. 33,446 

distinct codes (87.14%) were only present in 100 different records.  Only 4028 (10%) of 

the total distinct codes were found in at least 1% of the records. Most annotations 

occurred more than once in a patient record; each annotation was used between 1 and 

132, 904 times. Annotation characteristics are shown in Table 10. 
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Table 10 - Annotation Characteristics 

 Total Times Annotated Records With Concept 

Min 1 1 

1
st
 Quarter 2 1 

Median 6 4 

Mean 283 133 

3rd Quarter 34 24 

Max 132,904 11,920 

 

Codes that were used in 99% of the records were considered common. A frequency 

distribution of common codes is shown in Figure 15. 

 
Figure 15 - Frequency of Distinct Patients with Annotations 

 

A frequency distribution of codes that were found more than 500 times is shown in 

Figure 16. 
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Figure 16 - Frequency Distribution of Total Times Annotated 

The group of 4028 common codes, found in at least 1% of the population, each code 

was regressed in the model InnappropriateUseYN ~ Age + Gender + Coden. The logistic 

regression operation was done 4028 times, where age and gender were controlled for the 

specific code. Results for significance, error, z value and odds ratios were saved for each 

operation.  As shown in Figure 17, a majority of the 4028 common codes were 

statistically significant in the model.  

 

Figure 17 - Statistical Significance of Common Codes 

 

The Odds Ratios calculated from the regression model are shown for statistically 

significant codes in Figure 18, and very significant codes in Figure 19.  

 

Figure 18 - Odds Ratio Distribution for Significant Codes 
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Figure 19 - Odds Ratio Distribution for Very Significant Codes 
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Chapter 8 – Discussion 

 

This chapter discusses the results shown in Chapter 7. Section 8.1 discusses the 

implications of the computation time and system performance. Section 8.2 reviews the 

data regarding the population and discusses its representation of a normal distribution. 

Section 8.3 discusses possible relationships between the statistical significance of UMLS 

codes and its density in the data set. Section 8.4 discusses errors in the natural language 

processing and provides examples where regional, system, data format and software 

features play a role in error. Section 8.5 discusses the limitations of the study and 

analysis. Section 8.6 provides an interpretation of the overall results.  

8.1 - Processing Time 

The processing time involved in the analysis is an important consideration in future 

studies. For a population of 100,000 patients, the total time would be approximately 54 

days. For a population of one million, the total time would be approximately 540 days. In 

order to effectively use this technique, optimizations in natural language processing 

techniques are required in addition to broader processing and memory capacity in servers 

and workstations in the healthcare system. This is a processing-time problem. 

The ability for primary care clinics to independently perform a similar analysis is very 

limited given the technical requirements. To be successful, fast processors with large 

quantities of memory are needed, which represents an expensive investment most clinics 

do not currently have in place. Unless there are major algorithmic and technological 
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advancements in the near future, corporations, institutions and Universities will have to 

take the burden of this research. 

In this research, all the data was analyze sequentially. Another approach would be to 

distribute the load to multiple computers. With this topology, a group of 10 computers 

could accomplish the analysis of 100,000 records in 5.4 days, and 100 computers could 

process the same quantity of data in half a day. While this does not remove the burden 

that would lie on primary care clinics, it does demonstrate that a broader network of 

computers working collaboratively on processing the data could provide a solution to the 

processing-time problem. This is similar to the cloud computing solution used in other 

bioinformatics research that involved large quantities of data and breaking down the 

analysis into smaller parts (Kuo, 2011).  

In addition to the processing time problem, access to data is problematic. This study 

used de-identified data from primary care. The time per record does not include the 

resources and time needed to export a record and de-identify it before further analysis.  

While opting to use identifiable information would remove this overhead, additional 

constraints would be required to respect security and privacy. Accessing data is as 

important as solving the processing-time problem. 

An approach to the processing time problem would be a real-time natural processing 

solution. Instead of analyzing copies of data after they are inputted, a real-time system 

could process the data as it is inputted into the system. Although a large processing hub 

would be required, information could be securely transferred through the internet, 

processed centrally, and returned in near-real time. Issues around privacy of information 

could be more easily managed than a full information transfer; this topology would be 
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effective at eliminating the processing-time problem. A community based, open-source 

computing collaborative that takes advantage of existing standards might be an effective 

mechanism to offer this type of service. 

8.2 - Population Analysis 

Reviewing the distribution of the records from the physician cohort indicate a normally 

distributed population. No age group is under or over represented and the gender 

breakdown was 45% males and 55% female. The sample appears to reasonably represent 

a normal population. The frequency distribution of inappropriate users is skewed slightly 

in the 20 to 30 year old age population compared to the cohort population. There are 

slightly more inappropriate users in this range than the other groupings. All ages are well 

represented in both samples. 

To test whether or not the inappropriate use was influenced by age or gender, two 

additional logistical regressions were performed for age and gender.  Both models had 

insignificant results for age and sex. The results are shown in Table 11. 

Table 11- Effects of Age and Gender 

Model Beta Error Z value Probability 

Inappropriate YN ~ age -0.0006236   0.0011253   -0.554     0.579     

Inappropriate YN ~ gender 0.0177 0.0229  0.047 0.963 

8.2.1 – Biopsychosocial Codes 

In total, 417 results had a p-value below or equal to 0.001 and an OR greater than 0.5 

or larger than 2.  In Appendix G, 77 concepts that fell in the realm of biopsychosocial are 

presented.  
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Many of the concepts that were categorized in the physical symptoms category had a 

common theme: 14 (41%) of the concepts involved pain. This analysis is interpreted by 

Pereira et al. (2001) who noted that “emergency departments have become recognized as 

important source […] for all presenting with pain or fear” (pp. 585). To further 

investigate the issue of pain, a list of highly significant UMLS codes from the RXNORM 

database, a UMLS drug database, are presented in Appendix H. As seen in the table in 

the appendix, 80% of the drugs are listed as pain medications in the CPS drug guide. 

These results present pain as an important theme in inappropriate emergency room use, 

which matches a previous study and anecdotal information. 

The concepts categorized as social were very interesting. Some codes talked about 

specific professions (e.g. Computer Job), whereas others talked about personality traits 

(e.g. talkative, telling untruths, grooming self-care). Some of the codes can be considered 

as situational (e.g. poverty, housing, fighting, police, cultural aspects, victim of abuse). 

These are similar themes that were explored by other studies that considered social 

support (Carret et al., 2007), housing status (J. Afilalo et al., 2004) and social deprivation 

(A. Martin et al., 2002). The results are interesting because these themes appeared 

through a systematic quantitative data extraction and statistical analysis, instead of a 

survey and questionnaire based methodology.  

The results also indicate that mental health issues contributed to the inappropriate use 

of the emergency room. A study by Keene and Rodriguez (2007) studied the relationship 

between mental health problems and the use of the emergency room. The authors 

concluded there was an increased emergency room use and unmet health-related need 

within a total mental health population, due in part to that population vulnerability to 
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accidents and self-harm. From the perspective Keene and Rodriguez, it is not surprising 

to see mental health as a meaningful factor. It is satisfying, however, to note that the 

different methodologies have surfaced similar issues and conclusions. 

Given the biopsychosocial themes that surfaced in the analysis, there is promise to the 

technique used in this experiment; statistically significant UMLS themes extracted from 

primary care records and linked to inappropriate emergency room use have provided 

similar themes found in the literature. 

8.2.2 – Other Codes 

In Appendix G, there are 340 codes that were not considered biopsychosocial in 

consultation with the Chief of Staff at the Guelph General Hospital. Some of the codes 

originated from the RXNORM UMLS database and are shown separately in Appendix H. 

Some of the codes were erroneous and are discussed further in 8.4. Whereas some 

codes are merely vague (e.g. good, modified, specific, apparently, stop), some merit 

further investigation as they are surprising or athematic.  

One example of a surprising code is “C0452505 - crackers” with an OR of 2.09. Upon 

inspection of the source texts, crackers was related to contexts such as “pt (patient) not 

feeling well, ate crackers and threw up” or “starting by trying to eat crackers after 

indigestion”. The theme for soup (OR = 2.04) was used in a similar context. In it 

interesting that these two themes were the only statistically significant food items that 

appeared in the analysis. It is also interesting because these themes do not relate to food, 

but rather to a situation in which the patient ate the food. C0452505 represents the need 

for  different paradigms to assess themes and concepts. The code has a genuine reason for 

being statistically significant, but also demonstrates the complications in interpreting 
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results with both deductive and inductive logic. In addition, from another perspective and 

worldview it is worth noting that “crackers” is also slang for insanity, giving this term yet 

another possible interpretation and meaning. 

Another interesting code from Appendix G is C2371406 – Kicking. The primary 

definition in the dictionary for the verb “kicking” is to “strike with the foot or feet.” With 

this definition, the verb conveys physical violence and is potentially very valuable 

clinically.. However, the term “kicking” has forms including object verbs (e.g. ”He 

kicked the ball”), non-object verbs (”That horse kicks when you walk into his stall”), 

idioms (e.g. ”Her refusal even to talk to me was a kick in the teeth”) and phrasal verbs 

(e.g. ”kick in”, ”kick back”, ”kick off”.) Not all of these forms would be expected in a 

medical record, but the verb itself is complex and could be found in a number of direct 

and idiom-forms.   

The following sentences are examples of the verb “kicking” being used in the analyzed 

records: “patient was kicked out of the mental health support group,” “patient was kicked 

in the face at the bar,” “Tried to leave a message for the patient but her answering 

machine did not kick in” and “pacemaker will kick in if heart rate falls below 60.” In each 

case MetaMap correctly converted the verb “kicking” from the sentences, but the 

meaning and implication are very different in each case. The first instance is an important 

status indicator of a mental health treatment plan, the second would explain and qualify 

physical trauma, the third is trivial and meaningless from a medical standpoint and the 

fourth is an important component of a complex treatment plan. 

The verb kicking represents a trap; the theme was validly identified, statistically 

significant and represents an odds ratio greater than 2.0 but does not represent a 
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meaningful relationship or result. The concept highlights the complications in 

interpreting results before either deductive or inductive logic come into play. 

8.3 – Annotation Relationships 

Part of the analysis provided the total number of annotations per patient and the total 

different number of annotations per patient. Whereas the total number of annotations 

represents the length of the patient record, the total number of different concepts would 

represent its complexity. 

For example, a long patient record that has over 20 years of “normal” notes (physicals, 

normal blood work) would have a lot of annotations, but many similar themes. This type 

of record would have a high number of annotations, but a low number of different 

annotations. In contrast, a patient with only a few years‟ worth of notes, but who had a 

large number of complex social, psychological, and chronic diseases would have a small 

number of total annotations, but a large number of different annotations. In Figure 20, the 

number of times an annotation was found is plotted against the number of patients that 

have the code. On average, there are two annotations per patient that have the code; in 

other words the average code is annotated two times per patient.  

 

Figure 20 - Patients With Code by Total Annotations 
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To investigate whether the complexity of charts had an effect on inappropriate use of 

the emergency room, the model InnappropriateYNUse ~ 

age+gender+QtyAnnotations+TotalDifferentConcepts was analyzed with logistic 

regression. The results of the regression are shown in Table 12. Though only the number 

of different concepts was the statistically significant, the odds ratio was approximately 

one and there is no relationship between record complexity and inappropriate use.  

Table 12- Effects of QtyAnnotations and TotalDifferentConcepts 

 Beta Error Z value Probability Odds 

Ratio 

Age -1.216e-02 1.257e-03 -9.674   < 2e-16 0.987 

GenderM 1.920e-01   5.186e-02    3.703 0.000213 1.210 

TotalQtyAnnotations -1.805e-04   8.900e-05   -2.028 0.042547 0.999 

TotalDifferentConcepts 2.805e-03   3.022e-04    9.281   < 2e-16 1.003 

As part of the investigation into properties of the quantity of patient with UMLS 

concepts, the number of patients with a UMLS concept was plotted against the calculated 

Odds Ratio in Figure 21. The relationship implies that when fewer patients have a UMLS 

code, the odds ratio is higher. In Figure 22 only very significant (P<0.001) are shown, 

showing few significant results for OR < 1.25. 

 
Figure 21 - Number of Patients with Code by Odds Ratio 
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Figure 22 - Number of Patients with Code by Odds Ratio (p < 0.001) 
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where MetaMap identified concepts incorrectly. These errors created false positives, even 

when only very statistically significant concepts were selected.  

For example, the concept C0032854 – poor had a preferred name of Poverty. In this 

instance, the code is intended to represent a social condition. However, the term is used in 

the document has an adjective (e.g. poor sleep, poor eyesight). The intended meaning of 

the sentence is not a poor person‟s sleep or eyesight, but a lower quality sleep or eyesight.  

The concept C0220814 - Culture had a preferred name of Cultural Aspects.  It is 

another example of MetaMap incorrectly associating a concept, as the meaning with the 

clinical texts is “blood culture.”  Period placement The code was found in 200 records 

and incorrectly categorized as a social code. 

Another example is a code categorized as other in Appendix G, which is obviously 

incorrect. The concept C0080151 – said had a preferred name Simian Acquired 

Immunodeficiency Syndrome. MetaMap took the verb said, and converted it to an 

incorrect term. The code was detected in 3913 (28.2%) of the analyzed records.  

8.4.2 – Regional Input Errors 

Codes that were categorized as “regional oddities” were erroneous because local 

vernacular was coded inappropriately. 

For example, the concept for GGH gene, C1415051, is erroneous because the use of 

the acronym GGH in the medical record in the cohort means “Guelph General Hospital”. 

Though the term ”GGH” in a community that does not use the Guelph General Hospital 

might genuinely mean the GGH gene, the MetaMap system was not able to understand its 

use correctly. This is a geographic anomaly that could be corrected through the newest 
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version of the MetaMap system that supports a custom abbreviations file. This type of 

error adds noise to the results, but is easily decipherable upon inspection. 

Other examples include locations within the City of Guelph. Within the community, 

certain areas, medical complexes and pharmacies have names. For example, residents 

would understand what is meant by the “Bullfrog Mall”, or the “Willow West Mall”, or 

the “Surrey Street Clinic.” The codes C0034651 - Rana catesbeiana (Bullfrog), 

C0995181 – Willow, and C0454877 – Surrey are sources of noise.  

Medically, the concepts C1551969 – Mono Language (Mono) and C1704538 

Integrated Neuromusculoskeletal Release (INR) were incorrect. Regionally, mono is a 

short form slang for Mononucleosis. Similarly, INR stands for International Normalized 

Ratio and within the area there is an “INR Clinic” that adjusts warfarin doses. 

In the province of Ontario, the term “Limited Use” is used to label a controlled drug 

that requires additional forms. In short form, the term is LU. The concept C2697939 – 

Loomis Unit (LU) was an incorrect interpretation of the term LU. 

8.4.3 – Data Export Format Errors 

When data was exported from the medical record system, certain technical fields were 

included in the export. For example, messages that are sent between physicians or 

receptionists regarding a patient are included in the export. The conversations are 

exported with formatting such as Message from: Judy, To: Dr. Bob, re: Patient 123. The 

default Respond By field is Follow up 2 weeks and there is a specified action due date.   

As a result, certain terms appeared that were not part of the physician‟s written text. 

Examples are categorized has EMR Oddities and include concepts such as C0470166 – 

Message and C0556581 - Retinol equivalents (re). 
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8.4.4 – Software Feature Errors 

In the medical record system, there is the optional use of templates to record common 

notes or routine visits. For example, a stamp is used by the foot care nurse that includes a 

series of questions she will answer during her assessment. She will document a “yes” or a 

”no” for each section. For example, the term ”Paronychia Inflammation” is included in 

the form for foot care.  

The concept C0030578 - Paronychia Inflammation was statistically significant. The 

odds ratio was 2.39. However, in this context, the term is more indicative of having a foot 

care exam, rather than representing the concept of paronychia inflammation in a direct 

sense. C0030578 is also a good example of a concept representing a broader concept, but 

not necessarily the concept name. It demonstrates why domain knowledge about the 

source of information is critical in understanding the meaning of certain results. 

8.5 – Validity and Application of Results 

A variety of codes and concepts are shown in Appendix G. From a clinician‟s 

perspective, an OR of 2.0 represents doubled odds that patient used the emergency room 

(ER) inappropriately. For example, of 139 patients that had the concept C0241331 

(TALKATIVE) in their record, 46 (33.09%) used the ER inappropriately. In comparison, 

of 13,651 patients who did not have the talkative concept in their record, 1885 (16.02%) 

used the ER inappropriately. The odds of using the ER inappropriately with the code 

(33.09%), versus without the code (16.02%) are doubled (OR = 2.03).  

The analysis shows that if the code was detected, for any reason, there is a very 

statistically significant odds ratio for inappropriate emergency room use; the analysis 

takes random error into consideration by only accepting results with a p-value equal or 
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below 0.001. The large sample size and statistical significance give merit to the results 

that are presented and indicate that many of the detected concepts are not caused by 

noise, randomness, or data artefacts. 

Though this study is a proof of concept, future results could prove to be very practical 

for understanding, and even predicting inappropriate use based on biopsychosocial 

profiles. In this case, of 417 concepts were very statistically significant (p-value below or 

equal to 0.001 and an OR greater than 0.5 or larger than 2.0), 77 concepts that fell in the 

realm of biopsychosocial and would normally be unavailable outside primary care 

contexts.  

As discussed earlier, there is literature to validate the biopsychosocial codes and 

themes discovered in the analysis. With validated results the method and proof of concept 

support further investigation and research. The results could be applied in the area of 

healthcare improvement and could provide a deeper understanding of the motivations and 

dimensions of not only inappropriate emergency room use, but hospital use in general. 

With further research, it may be possible to accurately predict inappropriate use based on 

specific combinations of biopsychosocial concepts found in a patient‟s primary care 

record. Predicting system-use behaviour would enable governments to pre-empt or 

modify behaviour in the interests of lowering total health care costs. As a minimum, this 

methodology could leverage existing investments in primary care computerization and 

provide unique system-use insights. 

The quantity of data that was extracted during the analysis is very large: over 10 

million separate annotations of over 38 thousand different codes reside in a database. The 

analysis presented shows the tip of the iceberg; the data can be reanalyzed by separating 



 

 

 

 

77 

data by CTAS level, individual physician, diagnosis, social cohort, time of emergency 

room visit, age or gender. Although complex, each analysis could provide further insight 

to the inappropriate use. The question could also be reversed by assessing common 

concepts in patients who do not use the hospital inappropriately. 

8.6 - Limitations 

This study is a first work and proof of concept, and is therefore is limited in a number 

of ways. Most importantly, the categorization of emergency room use as appropriate or 

inappropriate through the use of CTAS is an area that has been debated. Application of 

CTAS for categorization of emergency room use has been supported by Field and Lantz 

(2006) and Afilalo et al. (2004),  however, it could be considered an oversimplification of 

a complex issue. Along these lines, the American College of Emergency Physicians 

(2011) recently suggested that low scale categorizations of emergency room use (e.g.4 or 

5) do not necessarily mean the patient is using the emergency room inappropriately. They 

noted that many 5 scale systems have lists of "non-emergency diagnoses” that include 

diagnoses those with symptoms of serious medical conditions. In some communities, like 

Guelph, sutures are not normally removed in primary care. As such, the emergency room 

would treat patients seeking this service as levels 4 or 5, when in fact their use of the 

service was appropriate. The selection of CTAS scores for the categorization of 

inappropriate use in this study was based on its capacity to serve as an easy proxy 

measure that did not require further analysis or interpretation. Analyzing the hospital data 

using other methods to identify inappropriate use without CTAS would have been a 

substantial study in itself.   
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Another important limitation is the negation of codes during the natural language 

processing piece of the analysis. For example, if a record had the sentence “patient might 

have cancer”, but later had the sentence “not cancerous; benign growth on foot,” this 

study would have attributed the concept of cancer to the record. In the future, this might 

be dealt with through a scoring system in which negations are subtracted from 

affirmations to produce an overall score for the concept. With this technique, a concept 

could be attributed to a record if, and only if, the overall score was affirmative. This type 

of analysis, however, would require increased processing resources. 

As a result of these limitations, the results of this analysis are not necessarily ready for 

use in a full clinical or quality improvement process. Whereas the methodology presented 

demonstrates the feasibility of this type of analysis, it should be considered preliminary 

work demonstrating a proof of concept. The results show the capacity of using natural 

language processing and primary care data as a first step towards making use of these 

types of data sources.  
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Chapter 9 - Conclusions 

  

The objective of this study was to use a case study methodology to relate 

biopsychosocial concepts from primary care to inappropriate emergency room use 

through the use of logistic regression. De-identified free text was extracted from a clinic 

in Guelph, Ontario and analyzed with a toolkit that implemented features from MetaMap 

2011 and the General Architecture for Text Extraction system. The toolkit extracted over 

10 million concepts from 13,836 patient records. There were 77 codes that fell within the 

realm of biopsychosocial, were very statistically significant (p < 0.001), and had an OR > 

2.0. Thematically, the 77 codes involved mental health and pain related biopsychosocial 

concepts. 

As a proof of concept for using NLP and primary care data to analyze inappropriate use 

of emergency room services, the study demonstrated there is merit to the technique; 

anecdotal evidence and literature supported the general conclusions and interpretations of 

the results. A series of exact and specific biopsychosocial concepts were found to have an 

association with greater non-urgent emergency room use, and the data used to reach the 

conclusion was retrieved exclusively through the analysis of primary care data with 

natural language processing. The study has shown that instead of surveys and 

questionnaires, raw data can be analyzed to extract themes.  

9.1 – Contributions to Existing Literature 

This study made contributions to both natural language processing in healthcare 

literature and to inappropriate use literature. 
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This study contributes to inappropriate use literature by using data mining through 

natural language processing and primary care data to answer a question that has been 

previously dominated by surveys and interviews. It also uses data from the general 

primary care population to draw comparisons and to calculate odds ratios. Unlike other 

studies, this study used an undetermined set of characteristics instead of pre-determining 

components of inappropriate use and tailoring questionnaires to gather data. None of the 

studies reviewed in the literature review used a similar technique to evaluate this research 

question, even though the results are similar. 

This study contributes to natural language processing literature by demonstrating the 

application of an analytical software tool that combines MetaMap and GATE 

technologies. It has demonstrated the capacity for the combination of these tools to mine 

large quantities of data and answer a system-use question. This study implements the 

plugin developed by Gooch & Roudsari (2011). This study has shown that using natural 

language processing on large volumes of free text is a feasible method for data mining.  

9.2 - Future Work 

 
Subsequent work and research is required to continue enhancing this proof of concept. 

In particular, instead of analyzing and considering single terms in inappropriate 

emergency room use, the concepts should be grouped and analyzed to form 

“constellations” of terms that would depict a broader patient profile. This type of analysis 

introduces considerable complexity, but given the promise of this proof of concept, the 

results would likely prove very interesting. 
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Whereas the current use of odds ratios represented a univariate analysis of each code, 

to support further investigation, statistical multivariate analysis will be required. Given 

the quantity of data, this may prove to be a daunting and highly involved task. An 

appropriate calibration measure, such as the Hosmer-Lemeshow chi-squared statistics, 

would help characterize the way in which each code interacts with the other.  

There is also the possibility of using the extracted code and regressing the data against 

other types of service usage. The use of community health services, mental health clinics, 

or social services are examples of other services that could be analyzed with the currently 

extracted annotations.  

Further innovations in natural language processing tools and techniques in the 

biomedical domain are needed to reduce error and correctly and contextually find 

medical concepts in text. Whereas simply concepts and words were easily found in 

through the analysis, complex or ambiguous terms are not properly assessed or 

categorized results in noise. 

Discovering a relationship between data point properties (e.g. number of time 

annotated, time of patients with annotation, etc.) and their usefulness (odds ratio, etc.) 

would help reduce the overall processing burden and make the analysis simpler. As 

discussed, there is potentially a relationship between the Odds Ratio and number of times 

an annotation was used in the data set, but this premise requires further consideration. 
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Appendix A 
Studies Regarding Contributing Factors of Emergency Room Usage 

 

Country & Study Name 
Study 

Design 
Data Source 

Criteria for 

Inappropriate Use 

Non-Urgent 

Factors Analyzed 

Analysis 

Presented 
Australia      

 Primary care presentations at 

emergency departments: rates 

and reasons by age and sex 

(Siminski et al., 2008) 

Not stated. 

Mixed-

methods used. 

De-identified EDIS 

data were selected for 

the 2005 calendar 

year. Total dataset not 

stated.  

 

397 patient surveys of 

400 asked over 4 

months. 

Low urgency and/or acuity, 

indicated by being classified as 

Triage Category 4 or 5 on the 

Australian Triage Scale.  Self-

referred and presenting for a new 

episode of care. Did not arrive by 

ambulance and not expected to be 

admitted. 

Age & Sex Discusses some 

statistical 

significance. 

Reasons presented 

by age group. 

Brazil      

 Demand for emergency 

health service: factors 

associated with inappropriate 

use (Carret et al., 2007) 

Cross sectional 

study 

Questionnaire 

completed outside the 

ER. 1974 approached. 

1647 answered over 13 

days. 

Defined by Hospital Urgencies 

Appropriateness Protocol (HUAP) 

criteria 

Age & Sex 

Education 

Social support 

Skin color 

Marital status 

Time of Day 

Recent PC Visit 

Prevalence ratios 

with 95% 

confidence 

intervals. Crude 

results and 

multivariate 

Poisson regression. 

Canada      

 

 

Emergency department use 

by CTAS Levels IV and V 

patients (Field & Lantz, 

2006) 

 

 

Cross sectional 

study 

Survey based. 

352 approached. 235 

completed the survey 

over 1 week. 

Canadian Emergency Department 

Triage and Acuity Scale (CTAS),  

levels 4 and 5 (non-urgent, semi-

urgent) 

No Age & Sex 

Service requirements  

Referral source 

Descriptive 

statistics only. 
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Country & Study Name 
Study 

Design 
Data Source 

Criteria for 

Inappropriate Use 

Non-Urgent 

Factors Analyzed 

Analysis 

Presented 
Canada      

 Non-urgent emergency 

department patient 

characteristics and barriers to 

primary care (J. Afilalo et al., 

2004) 

Cross sectional 

study. 

Mixed-

methods used. 

Secondary analysis of 

a previous study where 

2348 asked, 1783 

participated in an 

interview over a 6 

month period in 2000. 

Non urgent was defined as 

Canadian Emergency Department 

Triage and Acuity Scale (CTAS) 

Level 5. Levels 2, 3, 4 were semi 

urgent. Level 1 was urgent. 

Age & Sex 

Education 

Income 

House status; 

Immigration status 

(Broken into 

predisposing, enabling 

and need factors) 

 

Absolute mean 

difference (with CI 

95%)  

 Patterns of visits to hospital-

based emergency rooms 

(Béland et al., 1998)  

 

Not specified. 

Mixed-

methods used. 

Data from hospital 

system from several 

years. 

Data from mail and 

telephone survey of 

care providers over 

two years. 

Census and 

administrative data 

from several years. 

Determined by a team of physicians 

and ER consultants specializing in 

coding. 

Presented as an 

ecological framework 

based on ER functions, 

individual 

characteristics and 

population 

characteristics. 

Descriptive 

statistics and 

regression of 

ecological 

framework 

components.  

Cuba      

 Uses of first line emergency 

services in Cuba (De Vos et 

al., 2008). 

 

 

 

 

 

 

 

Not specified. 

Secondary 

analysis 

performed. 

84,674 patient contacts 

in ER over 2 years. 

Random sample taken 

from FLES database.  

Use of explicit criteria on FLES 

data given available framework. 

Guidelines and scales used by 

attending physicians were not 

accurate.  

Age & Sex 

Referral Source 

Time of Day 

Odds ratio (crude 

and adjusted) 

Logistic regression 

used. 
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Country & Study Name 
Study 

Design 
Data Source 

Criteria for 

Inappropriate Use 

Non-Urgent 

Factors Analyzed 

Analysis 

Presented 
France      

 Non-urgent care in the 

hospital medical emergency 

department in France: how 

much and which health needs 

does it reflect? (T. Lang et al., 

1996) 

 

Cross sectional 

study. 

1208 patient 

interviews over 2 x 4 

month periods. 92%+ 

response rate.  

Coded manually per explicit criteria 

by 4 independent expert judges. 

Age & Sex 

Housing conditions 

Referral 

Usual source of care 

Chronic disease 

Birthplace 

Odds ratio (95%CI) 

Standard Deviation 

Sensitivity 

Specificity 

Beta Coefficient 

Logistic regression 

used. 

Germany      

 Emergency outpatient 

services in the city of Berlin: 

Factors for appropriate use 

and predictors for hospital 

admission (David et al., 2006) 

 

Not specified. 916 approached, 766 

filled out questionnaire 

over 30 days. 

7 explicit criteria are defined for 

appropriate use; if a patient has at 

least three, there visit is assumed to 

be appropriate. Otherwise not. 

Age & Sex 

Language 

Nationality 

Education 

Employment status 

Adjusted odds ratio 

(95% CI) 

Logistic regression 

used. 

Hong Kong      

 Measuring the inappropriate 

utilization of accident and 

emergency services? (Lee et 

al., 1999) 

Cross sectional 

prospective 

study. 

2892 approached, 

2410 recruited to 

study. Interviews 

during random 1 hour 

blocks. 

Assessed by two ER doctors 

manually. 

Age & Sex 

GP 

Utilization Time 

Utilization Period 

Descriptive 

statistics only. 

 

Italy      

 Non-urgent visits to a hospital 

emergency department in 

Italy (Bianco et al., 2003) 

 

 

 

 

 

 

Cross sectional 

study. 

581 approached. 

541 interviewed over 

stratified 2 hour, 

random sample 

periods. 

 

Explicit criteria before study to 

triage patients into a 4 level triage 

system / score. 

Age & Sex 

Education 

Number of persons in 

the household 

State of chronic 

disease 

Distance from hospital 

Odds Ratio 

Standard Error 

95% CI 

Logistic regression 

used. 
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Country & Study Name 
Study 

Design 
Data Source 

Criteria for 

Inappropriate Use 

Non-Urgent 

Factors Analyzed 

Analysis 

Presented 
Jordan      

 Who uses the emergency 

room services? (Abdallat et 

al., 2000) 

 

Not specified. 2591 inappropriate of 

2841 ER attendance in 

1 month. Data from 

ER registration book. 

Triaged into 4 categories; levels 3 

and 4 (non-urgent and trivial) were 

none-appropriate 

Age & Sex 

Day and Time of Day 

Education is suspected 

but not measured; 

Unemployed  

Retirement status 

Basic descriptive 

statistics only. 

 

Kuwait 

   Referral source  

 Predictors of non-urgent 

utilization of hospital 

emergency services in Kuwait 

(N. M. Shah et al., 1996) 

Not specified. 

 

Survey conducted in 

Jan - Feb 1993 

Interviews between 

7:30am and 9:00pm 

2354 approached. 

2111physican-patient 

paired / matched 

questionnaires. 

Attending physician manually 

placed patient into 1 of 4 categories, 

as (1) Emergency, (2) Urgent, (3) 

Marginally Urgent and (4) Non-

urgent. Levels 3 and 4 were 

considered non-urgent / 

inappropriate. 

Age & Sex 

Marital status 

Education 

Service preference 

Income 

(Broken into 

predisposing, enabling 

and needs factors) 

Odds ratio 

Standard Error 

Beta Coefficient 

Significance 

 

Malaysia      

 Factors associated with 

inappropriate utilisation of 

emergency department 

services (H.G. Selasawati et 

al., 2007) 

 

 

 

 

 

 

 

 

Case-control 

study. 

170 cases from ED 

(inappropriate 

cases/utilisation) and 

170 controls 

(appropriate). Sampled 

over 4 months through 

questionnaires. 

Decision flow chart developed by 

authors (explicit criteria) which was 

based on a four level triage scoring 

system.  

Age & Sex 

Marital Status 

Family Size 

Working Hours 

Perceived Severity 

Knowledge of 

healthcare system 

Odds Ratios (crude 

and adjusted, with 

95% CI ) 

Standard Deviation 

t-stat 

Multiple logistic 

regressions used. 
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Country & Study Name 
Study 

Design 
Data Source 

Criteria for 

Inappropriate Use 

Non-Urgent 

Factors Analyzed 

Analysis 

Presented 
Malaysia      

 Inappropriate utilization of 

emergency department 

services in Universiti Sains 

Malaysia hospital (H G 

Selasawati et al., 2004) 

Cross sectional 

study. 

Retrospective. 

350 random cases 

from ED-HUSM 

register, from the year 

2000. 

Categorized as appropriate or 

inappropriate based on a decision 

flow chart (explicit criteria). 

Age & Sex 

Ethnic Group 

Diagnosis 

Time of Day 

Day of week 

 

Descriptive 

statistics only. 

Mexico      

 Frequency and factors 

associated with misuse of 

hospital emergency services 

(Loria-Castellanos et al., 

2010) 

 

Cross sectional 

observational 

study. 

718 patient interviews 

over 7 days. 

Determined by investigator 

completing the survey 

Age & Sex 

Day of week 

Time of day 

Education 

Salary 

Perception care quality 

Primary Care Access 

Odds Ratio(with 

95% CI) 

Portugal      

 Appropriateness of 

emergency department visits 

in a Portuguese university 

hospital (Pereira et al., 2001) 

Cross sectional 

prospective 

study. 

5,818 total visits. 

68.8% appropriate. 

Gathered data through 

questionnaire over 

multiple sampling 

periods (days). 

Defined by set of explicit criteria. Age and Sex  

Employment 

Education 

Entity for Health Care 

Days of week 

Length of symptoms 

Retirement status 

Odds Ratio (with 

95%CI) 

Spain      

 Inappropriate use of an 

accident and emergency 

department: magnitude, 

associated factors, and 

reasons--an approach with 

explicit criteria (Sempere-

Selva et al., 2001) 

Crossover-

designed 

study. 

Review of a random 

sample of 2,980 

patient visits over 1 

year, 882 were 

evaluated as 

inappropriate 

Defined by Hospital Urgencies 

Appropriateness Protocol (HUAP) 

criteria 

Age & Sex 

Transportation 

Lives Alone 

Referral 

Season 

Distance from ER 

Diagnosis 

Descriptive 

statistics (with 95% 

CI) 
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Country & Study Name 
Study 

Design 
Data Source 

Criteria for 

Inappropriate Use 

Non-Urgent 

Factors Analyzed 

Analysis 

Presented 
Taiwan      

 Utilization of emergency 

department in patients with 

non-urgent medical problems: 

patient preference and 

emergency department 

convenience (Tsai et al., 

2010) 

 

Not specified. 898 ED patients 

invited to complete the 

questionnaires. 759 

participated over 1 

month period. 

Canadian Emergency Department 

Triage and Acuity Scale (CTAS), 

authors created a 5 level acuity 

scale. Levels 4 and 5 were 

considered non-urgent. 

Age & Sex 

Marital status 

Occupation 

Health status 

Distance to ED 

Time of Day 

Reason for Visit 

Odds Ratio (with 

95% CI). Logistic 

regression used. 

Turkey      

 Appropriateness of 

emergency department visits 

in a Turkish university 

hospital (Oktay et al., 2003) 

 

 

Prospective 

observational 

study. Mixed 

methods used. 

1201 patient visits 

over 2 week period. 

1155 surveys 

completed. 

3 ER physicians independently 

reviewed each patient chart 

(blinded) and determined if the visit 

was appropriate or not. Triaged into 

a 3 level system where Level I was 

urgent, and Levels II and III were 

not. 

Age & Sex 

Marital status 

Education 

Insurance 

Income 

Odds ratio. Used 

multiple logistic 

regressions. 

United Kingdom      

 'Inappropriate' attendance at 

an accident and emergency 

department by adults 

registered in local general 

practices: how is it related to 

their use of primary care?  (A. 

Martin et al., 2002) 

 

 

 

 

 

 

Case-control 

study. 

452 cases and controls; 

data selected from 

patient records 

(unblinded) over 1 

year period. 

Modified Sheffield process method 

(explicit criteria). 

Age & Sex 

Social deprivation 

Distance from ER 

Primary care status 

Odds Ratio (with 

95%CI) 

Range 

Median  

Mean 
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Country & Study Name 
Study 

Design 
Data Source 

Criteria for 

Inappropriate Use 

Non-Urgent 

Factors Analyzed 

Analysis 

Presented 
United States      

 Nonurgent use of the 

emergency department 

(Redstone et al., 2008) 

 

 

 

 

Cross sectional 

study. 

276 invited, 240 

completed the survey 

over 4 months. 

Nurse conducted triage according to 

Emergency Severity Index. 

Categories 3 to 5 were considered 

non-urgent. 

Age & Sex 

Marital status 

Race 

Work status 

Insurance 

Co-pay insurance 

Descriptive 

statistics only. 

 Use of an emergency 

department by nonurgent 

patients (Northington et al., 

2005). 

 

 

 

Cross sectional 

study. 

563 patients 

approached over 6 

weeks. 314 patients 

eligible and 279 

agreed to complete a 

survey. 

Triaged according to Emergency 

Severity Index. Categories 4 and 5 

were considered non-urgent. 

Age & Sex 

Race 

Insurance 

Normal Source of care 

 

 

Descriptive 

statistics only. 

 Emergency medical care: 

types, trends, and factors 

related to nonurgent visits (T. 

Liu et al., 1999) 

Conducted as 

a secondary 

data analysis. 

135,723 patient visits 

included in 1992 

through 1996 samples 

for the region. 

An urgent visit was defined as one 

in which the „„patient requires 

immediate attention for acute 

illness or injury that threatens life 

or function. Delay would be 

harmful to the patient.‟‟ 

A nonurgent visit was defined as 

one in which the „„patient does not 

require attention immediately or 

within a few hours.‟‟ 

Age & Sex 

Disease category 

Race 

Region 

Hospital 

Insurance 

Odds Ratio (Crude 

and Adjusted, 

95%CI) 
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Appendix B 
Theoretical Case Study Methodology 

 

Table 13 - Theoretical Case Study Methodology (Eisenhardt, 1989) 

Step Activity Reason 

Getting Started Definition of research 
question 

Focuses efforts 

  Possibly a priori constructs Provides better grounding of construct measures 

Selecting Cases Neither theory nor 
hypotheses Specified 
population 

Retains theoretical flexibility 
Constrains extraneous variation and sharpens external validity 

  Theoretical, not random, 
sampling 

Focuses efforts on theoretically useful cases-i.e., those that 
replicate or extend theory by filling conceptual categories 

Crafting 
Instruments and 
Protocols 

Multiple data collection 
methods 

Strengthens grounding of theory by triangulation of evidence 
Synergistic view of evidence 

  Qualitative and quantitative 
data combined Multiple 
investigators 

Fosters divergent perspectives and strengthens grounding 

Entering the Field Overlap data collection and 
analysis, including field 
notes 

Speeds analyses and reveals helpful adjustments to data 
collection 

  Flexible and opportunistic 
data collection methods 

Allows investigators to take advantage of emergent themes 
and unique case features 

Analyzing Data  Within-case analysis Gains familiarity with data and preliminary theory generation 

  Cross-case pattern search 
using divergent techniques 

Forces investigators to look beyond initial impressions and see 
evidence thru multiple lenses 

Shaping 
Hypotheses 

Iterative tabulation of 
evidence for each construct 

Sharpens construct definition, validity, and measurability 

  Replication, not sampling, 
logic across cases 

Confirms, extends, and sharpens theory 

  Search evidence for "why" 
behind relationships 

Builds internal validity 

Enfolding 
Literature 

Comparison with conflicting 
literature 

Builds internal validity, raises theoretical level, and sharpens 
construct definitions 

  Comparison with similar 
literature 

Sharpens generalizability, improves construct definition, and 
raises theoretical level 

Reaching Closure 
Theoretical 

Theoretical saturation when 
possible 

Ends process when marginal improvement becomes small 
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Appendix C 
Letter Inviting Physicians to Provide De-Identified Data 

 

Justin St-Maurice 

Guelph, Ontario 

 

Dr. x 

Guelph, Ontario  

 

 

Dear Doctor X, 

 

I am currently working on a Masters in Health Informatics through the University of 

Victoria. I have chosen to do a thesis project in the domain of primary care informatics 

and I would like to ask you for your assistance by allowing me to use de-identified 

information from your records for my project. I have compiled a list of answers to 

questions you might have below.  

 

What are the research goals? 

The goals of the research are to quantitatively link medical themes from the medical 

record and associate them statistically with emergency room visits. This will be done by 

processing free text from primary care records with natural language processing tool, and 

extracting medical themes (e.g. depression, isolation, etc.).  

 

What are the research outcomes? Why does it matter? 

Many studies have evaluated inappropriate emergency room visits. Most studies have 

used surveys and interviews to reach their conclusions. This study will use primary care 

data in its biopsychosocial dimensions with natural language processing techniques to 

approach the question quantitatively. The results will serve as a proof of concept and will 

demonstrate how anonymized primary care data can profile the types of patients using 

specific services and improve the healthcare system. 

 

Where will the research be published? 

The research will be used primarily to complete a thesis paper. Once complete, there may 

be other submissions to conferences and scientific journals. 

 

What data is required? 

De-identified data is suitable for this study. Patient identifiable information is not 

required. Data will be requested from a total of 8 physicians. To avoid bias in the 

physician cohort, specific physicians will be asked to participate based on their sex, 

educational background and year of graduation. All physicians asked to participate will 

be from 83 Dawson Road. 

What do I need to do? 
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If you would like to participate, please sign the consent form. The consent will authorize 

the Guelph FHT to provide me with de-identified information.  

 

Emergency room visit data from the last year will be requested by the Guelph FHT from 

GGH. After receiving it the Guelph FHT will remove patient identifiable information 

before providing it to me. In addition, a de-identified copy of your patient charts will be 

exported into Ontario MD‟s CDS 3.0 format for analysis. No patient names or 

identifiable information will be included in the dataset I receive. After signing the 

consent form, there is nothing else to do on your part.  

 

 

Will a Human Ethics Review be completed? 

 

Yes. A certificate will be available if you‟d like a copy. 

 

I hope you will agree to participate in this study. Please do not hesitate to let me know if 

you have any questions.  

 

Cheers, 

 

 

Justin St-Maurice 

 

 

 

 

 

Authorization to Provide De-Identified Information for Research 

 

I allow the Guelph Family Health Team to provide de-identified information 

to Justin St-Maurice for his research project affiliated with the University of 

Victoria. The data will be used to complete his thesis in Health Informatics 

and may be used for other related publications.  

 

Name: ________________________________ 

 

Signature: _____________________________ 

 

Date: _________________________________ 
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Appendix D 
Data Analyzer Toolkit 

Overview 

The GATE Embedded Data Analyzer was developed in the NetBeans IDE 6.9.1.It was 

written in Java and is tested in the Java Runtime Environment 6.  

 

Figure 23 - NetBeans IDE 6.9.1 

The toolkit was specifically designed to: 

1. Open a corpus directory of XML files 

2. Load the application state of a GATE Application 

3. Process each file in the corpus with the GATE Embedded API 

4. Analyze annotation results in memory with the DOM libraries 

5. Store annotation results with a primary key in a MySQL database 

The Graphical User Interface (GUI) is normalized to accept parameters and settings 

that are outside the scope of its initial purpose; it could be used in other analysis contexts 

without major rework. 
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Libraries 

For XML manipulation, the DOM library org.w3c.dom is used. 

//open XML content 

DOMImplementationRegistry registry = DOMImplementationRegistry.newInstance(); 

DOMImplementationLS impl = 

(DOMImplementationLS)registry.getDOMImplementation("LS"); 

 

//the data arrives from memory in a string 

LSInput input = impl.createLSInput(); 

input.setStringData(XMLContent); 

 

//build the DOM document 

LSParser builder = 

impl.createLSParser(DOMImplementationLS.MODE_SYNCHRONOUS, null); 

Document document = builder.parse(input); 

 

//get nodes for manipulation and iteration 

Element elementsView = document.getDocumentElement(); 

NodeList nodes = elementsView.getElementsByTagNameNS("*", nodeNames); 

for (int j = 0; j < nodes.length; j ++) 

//for each nodes[j], do something 

 

For database integration, the java.sql library is used. The connection is created by default 

with the “com.mysql.jdbc.Driver” driver. Other drivers could easily be implemented 

later.  

      if (driver.equals("com.mysql.jdbc.Driver")) 

             { 

                  //setup and test database parameters 

                 String url = txtdbURL.getText(); 

                 String dbName = txtdbName.getText(); 

                 String userName = txtdbUser.getText(); 

                 String password = String.valueOf(txtdbPass.getPassword()); 

                 String connectstring = "jdbc:mysql:"+url+dbName; 

 

                 try { 

                    Class.forName(driver); 

                    conn = DriverManager.getConnection(connectstring,userName,password); 

…} catch {…} 

      Else 

      { //not implemented or tested} 
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Another core library that is used is the GATE embedded API. Many examples are 

available online at http://gate.ac.uk/wiki/code-repository/. The following code illustrates 

its implementation and use. 

// initialise GATE - this must be done before calling any GATE APIs 

Gate.init(); 

 

// load the saved application 

application = (CorpusController)PersistenceManager.loadObjectFromFile(GAPPFile); 

  

// Create a Corpus to use.  The string parameter to newCorpus() is simply the 

 // GATE-internal name to use for the corpus.  It has no particular significance. 

corpus = (Corpus) Factory.newCorpus("Corpus"); 

application.setCorpus(corpus); 

 

// process the files in the corpus one by one 

for(int i = 0; i < corpusFiles.length; i++) {                  

Document doc = Factory.newDocument(corpusFiles[i].toURI().toURL() ); 

// put the document in the corpus 

corpus.add(doc); 

// run the GATE application on the corpus 

application.execute(); 

AnnotationSet defaultAnnots = doc.getAnnotations(); 

Iterator annotTypesIt = annotTypesToKeep.iterator(); 

while(annotTypesIt.hasNext()) { 

 //do something with annotations 

 }//while 

} 

Data Analyzer Toolkit Classes 

There are 5 classes in the toolkit architecture. Two of the classes are core: the GATE 

Analysis Task class, which interacts with the GATE libraries, an AnnotationXtracter class 

that interacts with the DOM and SQL libraries. Two other classes are object libraries that 

represent annotations (a superclass and an extension). The last class, 

GATEDataAnalyzerView, is a graphical user interface that enables the easy configuration 

of parameters into the two core classes through a series of textboxes, check box, drop 

downs and buttons. The relationship between the classes is shown in Figure 24. 
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Figure 24 - Toolkit Classes 

public class Annotation implements Cloneable 

This is a superclass for annotations retrieved from the AnnotationXtrater. It is meant to 

allow the easy implementation of different types of annotations through extensions of the 

superclass, since each annotation will have different types of data, elements and methods 

to write to the database. 

This superclass class is called from AnnotationXtracter procedure ExtractData.  

if (AnnotationsToXtract[k].equals("MetaMap")) 

{ 

    MetaMapAnnotation metamap = new MetaMapAnnotation(); 

   annotations.addAll(GetAnnotationsFromNode(nodes.item(i), metamap, primarykey)); 

} 

else 

{ 

   System.out.println("This type of annotation has not been implemented!"); 

} 

 

MetaMapAnnotations is currently the only implementation of this superclass. 

Annotation
Superclass

GATE Analysis Task AnnotationXtracter

GATE Data Analyzer View 
Graphical User Interface

MetaMap Annotation
extends Annotation
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public class MetaMapAnnotation extends Annotation 

This is the Metamap implementation of the Annotation superclass. Its implementation 

deals with data and notations that are specific to MetaMap annotations created through 

the GATE plugin. The elements supported by the class are configured as: 

String [] MetaMapElements = {"ConceptId", "NegExType", "Score"}; 

 

The element types are retrieved through a call to GetAttributes, which returns the 

specific MetaMap elements. This is used in the AddValueByName procedure. 

             for (int i = 0; i < nodeListing.getLength(); i++) 

            { 

                Element currentElement = (Element)nodeListing.item(i); 

                Annotation temp = new Annotation(); 

                try { 

                     //AnnotationType is a specific type of extended Annotation class 

temp = annotationType.clone(); //clone the annotation type, but no values 

                } catch (CloneNotSupportedException ex) {…} 

 

                temp.SetPrimaryKey(PrimaryKey); 

                String[] AttributeList = annotationType.GetAttributes(); 

 

                for (int k = 0; k < AttributeList.length; k++) 

                { 

temp.AddValueByName( 

currentElement.getAttribute(AttributeList[k]),AttributeList[k]); 

                } 

                returnValues.add(temp); 

            } 

 

            return returnValues; 

public class GATEAnalysisTask extends SwingWorker<Void, Void> 

This class is an extension of SwingWorker and enables the function to run as a task in 

the background. This is appropriate for interaction with a GUI as the analysis may take 

several hours. This enables proper background execution of the work while allowing the 

GUI to function and display information. It also enables built in Task management 

features in Java. It begins with a call to doInBackground(). 
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@Override 

public Void doInBackground() { 

            processCorpus(); 

… 

} 

 

This class uses the GATE Embedded API. It begins with its initialization in the 

processCorpus procedure. 

private void processCorpus () 

    { 

        try { 

            //create the output directory if it doesn't exist 

            OutputDir = CorpusDirectory + "\\" + OutputDir; 

            new File(OutputDir).mkdir(); 

            

            // initialise GATE - this must be done before calling any GATE APIs 

            progressTextOutput.setText("GATE initializing..."); 

            Gate.init(); 

 

            // load the saved application 

            application = 

(CorpusController)PersistenceManager.loadObjectFromFile(GAPPFile); 

  

            // Create a Corpus to use.  We recycle the same Corpus object for each 

            // iteration.  The string parameter to newCorpus() is simply the 

            // GATE-internal name to use for the corpus.  It has no particular 

            // significance. 

            corpus = (Corpus) Factory.newCorpus("Corpus"); 

            application.setCorpus(corpus); 

 

            //Get list of files to process from corpus directory 

            File[] corpusFiles = CorpusDirectory.listFiles(OnlyXML); 

            this.docsToProcess = corpusFiles.length; 

 

            //prepare a list of annotations to keep in the "annotTypesToKeep" variable 

            annotTypesToKeep = new ArrayList(); 

            annotTypesToKeep.addAll(Arrays.asList(this.AnnotationsToKeep)); 

 

            // process the files one by one 

             for(int i = 0; i < corpusFiles.length; i++) {                  

                  analyzeFile(corpusFiles[i]);  }//for each file 

… } catch (…){…} 
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Each file is analyzed through a call to the analyzeFile procedure in the processCorpus 

procedure. 

 

private void analyzeFile (File file) throws … 

     

{       

        Document doc = Factory.newDocument( file.toURI().toURL() ); 

        // put the document in the corpus 

        corpus.add(doc); 

        // run the GATE application on the corpus 

        application.execute(); 

       

        Set annotationsToWrite = new HashSet(); 

 

        AnnotationSet defaultAnnots = doc.getAnnotations(); 

        Iterator annotTypesIt = annotTypesToKeep.iterator(); 

        while(annotTypesIt.hasNext()) { 

 // extract all the annotations of each requested type and add them to the set          

AnnotationSet annotsOfThisType = defaultAnnots.get(annotTypesIt.next()); 

           

         if(annotsOfThisType != null) 

                annotationsToWrite.addAll(annotsOfThisType); 

 

        }//while 

 

        if (this.EnableWriteToFile == true) 

        { 

            String docXMLString = doc.toXml(annotationsToWrite); // create the XML string  

… 

            writer.write(docXMLString); 

            writer.close(); 

        } 

 

//if the Task was initialized with the xtracter in the constructor, kick off the extract 

//data procedure for the XML in memory 

         if (this.WriteToDatabase == true) 

         { 

              try { dbX.ExtractData(doc.toXml(annotationsToWrite));}  

         } 

        corpus.clear(); // remove the document from the corpus 

        Factory.deleteResource(doc); // Release the document, as it is no longer needed 

    } 
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public class AnnotationXtracter 

The Annotation Xracter class takes files or Strings of XML data, analyzes them with 

DOM to find the desired nodes with information, and extracts the desired information to 

the database. Each file is processed individually with a call to ExtractData. 

public void ExtractData(String XMLContent) throws … { 

 … 

Document document = builder.parse( input); 

         

        //remove annotations, per the AnnotationsToRemove String array. 

        for (int i = 0; i < AnnotationsToRemove.length; i++) 

        { 

… 

            removeSubElementsByName (document, AnnotationsToRemove[i], true); 

        } 

 

        //find document primary key 

        ArrayList pkNumber = GetValuesByNodeName(node.item(0), PrimaryKeyID, true); 

 

        //there should only be one returned value; i.e. 1 healcard number field 

        if (pkNumber.size() != 1) 

        { 

            //error... either no HCN, or more than one. We only want one. 

 … 

        } 

 

        // put all the desired notations in an arrayList of annotations 

        ArrayList annotations = new ArrayList<Annotation>(); 

 

         for (int j = 0; j < XMLSectionToXtract.length; j ++){  

 

//Xtract data from specific sections, per the XMLSectionToXtract array. 

//for example, only take data from the “Free Text” XML elements 

            Element elementsView = document.getDocumentElement(); 

            NodeList nodes = elementsView.getElementsByTagNameNS("*", 

XMLSectionToXtract[j]); 

 

            for (int i = 0; i < nodes.getLength(); i++) 

            {//for all the subnodes in the specific section. All sections should have 1+ nodes. 

                 

                for (int k = 0; k < AnnotationsToXtract.length; k++) 

                {//for all the annotation types to extract, the to user settings and array 

 



 

 

 

 

109 

                    if (AnnotationsToXtract[k].equals("MetaMap")) 

                    { 

                        MetaMapAnnotation metamap = new MetaMapAnnotation(); 

                        annotations.addAll( 

GetAnnotationsFromNode(nodes.item(i),  

metamap, pkNumber.get(0).toString(), false)); 

                    } 

                    else 

                    { 

                        System.out.println("This type of annotation has not been implemented!"); 

                    } 

                }//for all annotation types 

    

            }//for all nodes in subsection 

 

        }//for all subsections 

 

        // Write the data to the database 

        // the exact stored procedure to call is specified in the extended Annotation class 

        // call the WriteToDb function, with the current database connection 

 

        for (int i = 0; i < annotations.size(); i++) 

        { 

            Annotation temp = (Annotation) annotations.get(i); 

            temp.WriteToDb(dbCon); 

        } 

 

    } 

public class GATEDataAnalyzerView extends FrameView  

This class is a Graphical User Interface (GUI) for the other classes. Each textbox feeds 

parameters to either the AnnotationXtracter or the GATEAnalysis. The GUI uses the 

Swing library. 

There are three tabs at the top of the GUI: command buttons, a log display area and a 

progress bar. The first tab configures parameters for the GATEAnalysisTask. The second 

tab provides parameters for the AnnotationXtracter class. The third tab provides basic run 

time option that are useful for debugging and processing, with or without database 
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support and with or without writing the annotated XML files to disk. The three tabs are 

shown in Figure 25 to Figure 27. 

 

Figure 25 - Graphical User Interface, Tab 1 

 

Figure 26 - Graphical User Interface, Tab 2 
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Figure 27 - Graphical User Interface, Tab 3 

Using the Toolkit 

The toolkit can easily be used on any computer that has the Java Runtime Environment 

6 installed. The distributed Jar file can be double clicked and launched, as long as all the 

Libraries are available in the \lib path.  

The GATE embedded, DOM libraries and JDBC drivers consume a lot of memory. For 

analyzing large quantities, increased memory will improve performance significantly. 

It is also possible to use the core classes, AnnotationXtracter and GATEAnalysisTask 

independently from other Java application. Examples of the API are shown below. 



 

 

 

 

112 

GATE Analysis Task 

The following is an example of how the GATE Analysis Task class can be used. 

//Initialize the analysis task 

GATEAnalysisTask  task = new GATEAnalysisTask(); 

 

//or initialize with an xtracter. The xtractor must be initialized with all its parameters. 

//The analysis task will use the xtracter to move data to the database as part of the task 

//if the xtracter class is specific in the constructor. 

GATEAnalysisTask  task = new GATEAnalysisTask(xtracter); 

 

//Saves results to XML, set directory 

task.SetWriteResultsToFile(true); 

task.SetOutputDirect(OutpurDirectory); 

 

//Specify location of corpus directory 

task.SetCorpusDirectory(CorpusDir); 

 

//Specify the „GATE Application State‟ file path 

task.SetGAPPFile(GAPPFile); 

 

//Configure log location 

task.SetLog(LogFilenameAndPath); 

 

//Execute the task 

task.execute(); 

 

Data Xtracter 

The following is an example of how the data xtractor class is used. 

//initialize the AnnotationXtracter 

AnnotationXtracter xtracter = new AnnotationXtracter(); 

 

//provide a JDBC database connection 

xtracter.SetConnection(dBconn); 

 

//Specify annotations to Xtract. This is based on GATE annotation names. Annotations 

//much be implemented as extensions of the Annotation superclass or it will be returned 

//as “not implemented”. 

xtracter.AnnotationsToXtract({“MetaMap”,”Other”}); 

 

//Specify annotations to remove before Xtract. This is based on GATE annotation names. 

xtracter.SetAnnotationsToRemove({“Date”,”Names”}); 
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//Specify sections of XML to analyze and xtract. 

xtracter.SetXMLSectionsToXtract({“Free Text Notes”, “Problem List”}); 

 

//Specify the XML element to serve as the primary key 

xtracter.SetPrimaryKeyID(“HealthCard”); 

 

// process the files one by one 

for(int i = 0; i < FileList.length; i++) 

xtracter.ExtractData(FileList[i]); 

 

Sample Data Analysis 

Examples of extracted data codes from sentences are shown in detail in Appendix I.
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Appendix E – MySQL Queries, Views and Procedures 

 

# this view generates a list of codes and annotation results for each code 

VIEW `Codes_All` AS select count(`t1`.`ConceptID`) AS 

`TotalTimesAnnotated`,count(distinct `t1`.`patID`) AS `PatsWithCode`,`t1`.`ConceptID` 

AS `ConceptID`,`t2`.`ConceptName` AS `ConceptName`,`t2`.`preferredName` AS 

`PreferredName`,`t2`.`Sources` AS `Sources` from (`AnnotationResults` `t1` join 

`ConceptIDs` `t2` on((`t1`.`ConceptID` = `t2`.`conceptID`))) group by `t1`.`ConceptID` 

order by count(distinct `t1`.`patID`) desc 

 

# this view generates a list of codes and annotation results for each code, but allows 

 # only concepts from the SNOMEDCT library 

VIEW `Codes_SNOMEDCTOnly` AS select count(`t1`.`ConceptID`) AS 

`TotalAnnotations`,`t1`.`ConceptID` AS `ConceptID`,`t2`.`ConceptName` AS 

`ConceptName`,`t2`.`preferredName` AS `PreferredName`,`t2`.`Sources` AS `Sources` 

from (`AnnotationResults` `t1` join `ConceptIDs` `t2` on((`t1`.`ConceptID` = 

`t2`.`conceptID`))) where (`t2`.`Sources` regexp 'SNOMEDCT') group by 

`t1`.`ConceptID` order by count(`t1`.`ConceptID`) desc 

 

# this view generates a list of all codes with statistical results 

VIEW `Codes_Stats_Results` AS select `rr`.`ConceptID` AS `ConceptID`,`rr`.`StdError` 

AS `StdError`,`rr`.`ZValue` AS `ZValue`,`rr`.`Significance` AS `Sig`,`rr`.`ExpCoeffVal` 

AS `OddsRatio`,`cis`.`preferredName` AS `Name`,`cis`.`Sources` AS 

`Sources`,`cis`.`ConceptName` AS `Name2` from (`RegressionResults` `rr` join 

`ConceptIDs` `cis` on((`rr`.`ConceptID` = `cis`.`conceptID`))) 

 

# this view generates a list of all patients and demographics 

VIEW `patInfo` AS select `pi`.`patID` AS `patID`,`pi`.`age` AS `age`,`pi`.`gender` AS 

`gender`,`countCTAS-4-5`(`pi`.`hcn_hash`) AS `NotAppropriateERVisits`,`countCTAS-1-

2-3`(`pi`.`hcn_hash`) AS `AppropriateERVisits`,`totalAnnotations`(`pi`.`patID`) AS 

`TotalQtyAnnotations`,`totalConcepts`(`pi`.`patID`) AS `TotalDifferentConcepts` from 

`patIndex` `pi` 
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# This procedure creates a new patient to store a new result, if the patient  

# doesn’t already exist 

 

PROCEDURE `AddPatient`( 

IN in_hash VARCHAR(45), in_age INT, in_gender CHAR, OUT out_patID INT) 

BEGIN 

 DECLARE newHash VARCHAR(45); 

 DECLARE tempHash VARCHAR(45); 

 set out_patID = 0; 

 

 if in_hash = "" then ## a null value for hcn hash 

   set newHash = CONCAT('null hcn - age ', in_age, ' gender ' , in_gender); 

   ## look for a hash for patient with same age / sex 

Select patID into out_patID from patIndex where hcn_hash = newHash and age 

= in_age and gender = in_gender; 

 

 if out_patID = NULL then ## if none exist, assume this is a new patient 

   Insert into patIndex (hcn_hash, age, gender) 

VALUES (newHash, in_age, in_gender); 

 Select patID into out_patID from patIndex where hcn_hash = newHash; 

 end if; 

   

 else ## has an HCN number 

   

 ## find if a pervious patient ID exists for the hash 

 Select patID into out_patID from patIndex where hcn_hash = in_hash; 

 

 if out_patID = NULL then 

Insert into patIndex (hcn_hash, age, gender) VALUES (in_hash, in_age,     

In_gender); 

   Select patID into out_patID from patIndex where hcn_hash = in_hash; 

 end if;  

 

end if;  

 

END$$ 
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# This procedure creates a new concept ID for a new result, if it doesn’t already exist 

 

PROCEDURE `CreateConceptID`( 

IN in_conceptID VARCHAR(45),       

 in_PreferredName VARCHAR(200), 

in_Sources VARCHAR(400),     

 in_ConceptName VARCHAR(200)) 

 

BEGIN 

 

DECLARE Concept_exists INT; 

set Concept_exists = 0; 

 

## find if a pervious patient ID exists for the hash 

Select count(conceptID) into Concept_exists from ConceptIDs where conceptID =   

in_conceptID; 

 

if Concept_exists = 0 then 

Insert into ConceptIDs (conceptID, preferredName, Sources, ConceptName) 

VALUES (in_conceptID, in_PreferredName, in_Sources, in_ConceptName); 

end if;  

    

END$$ 
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# This procedure access a source filter (e.g. SNOMECT only), a max patient limit, 

# a minimum number of patients with the codes and a maximum number of patients 

# with the code. 

# 

# The procedure returns a matrix with patients as rows and codes as columns. 

# The maximum number of rows in MySQL is 4096. This must be managed through 

the # input parameters. 

# 

PROCEDURE `patient_TopXCodeCount`( 

IN SourceFilter VARCHAR(45), 

patLimit INT, 

minPatsWithCode INT, 

maxPatsWithCode INT) 

BEGIN 

 

SET SESSION group_concat_max_len = 2400000; 

Set @dropCommand = 'DROP VIEW IF EXISTS tempCodesView'; 

 

## drop temp view if it exists 

PREPARE stmt FROM @dropCommand; 

EXECUTE stmt; 

DEALLOCATE PREPARE stmt; 

  

## create new view 

if SourceFilter != '' then 

 Set @sql = CONCAT('CREATE VIEW tempCodesView AS  

select count(t1.ConceptID) as TotalTimesAnnotated, count(distinct(t1.patID)) as 

PatsWithCode, t1.ConceptID, t2.ConceptName, t2.PreferredName, t2.Sources 

FROM AnnotationResults t1 INNER JOIN ConceptIDs t2 ON t1.ConceptID = 

t2.conceptID 

 WHERE (`t2`.`Sources` regexp \'', 

 SourceFilter , 

'\') AND t2.Ignore != \'y\' GROUP BY t1.ConceptID ORDER BY PatsWithCode 

DESC);'); 

 

 else 

 Set @sql = CONCAT('CREATE VIEW tempCodesView AS 

select count(t1.ConceptID) as TotalTimesAnnotated, count(distinct(t1.patID)) as 

PatsWithCode, t1.ConceptID, t2.ConceptName, t2.PreferredName, t2.Sources 

FROM AnnotationResults t1 INNER JOIN ConceptIDs t2 ON t1.ConceptID = 

t2.conceptID 

WHERE t2.Ignore != \'y\' GROUP BY t1.ConceptID ORDER BY PatsWithCode 

DESC;');  

end if; 
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PREPARE stmt2 FROM @sql; 

EXECUTE stmt2; 

DEALLOCATE PREPARE stmt2; 

 

SET @cols = (Select GROUP_CONCAT('patCodeCount( patInfo.patID, \'', ConceptID, 

'\') AS ', ConceptID  SEPARATOR ', ') FROM tempCodesView WHERE PatsWithCode > 

minPatsWithCode AND PatsWithCode < maxPatsWithCode); 

 

if patLimit = 0 then 

SET @sql = CONCAT('SELECT patInfo.patID, patInfo.age, patInfo.gender, 

patInfo.NotAppropriateERVisits, patInfo.AppropriateERVisits, ', @cols, ' FROM 

patInfo;'); 

else 

SET @sql = CONCAT('SELECT patInfo.patID, patInfo.age, patInfo.gender, 

patInfo.NotAppropriateERVisits, patInfo.AppropriateERVisits, ', @cols, ' FROM 

patInfo LIMIT ', patLimit,';'); 

end if; 

 

  

PREPARE stmt FROM @sql; 

EXECUTE stmt; 

DEALLOCATE PREPARE stmt; 

 

END$$ 
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Appendix F – Code Categorization 

Category Codes (p < 0.001, OR > 2.0) 

Biological 
Symptoms  

Abdominal discomfort, Abdominal Pain, Bladder dysfunction, back strain, body ache, Bruising, Chronic back pain, 
Chronic pain, Dehydration, Diarrhea, Dizzy spells, Flank Pain, Infected, Ingrown toenail, Laceration, Muscle 
tenderness, Neuropathic Pain, Pain, Pain NOS, pain radiating, Paronychia, Pelvic Pain, Respiratory distress, Severe 
pain, Shooting pain, side pain, Sinus pain, Smell, Stomach pain, Viral illness, Vomiting, Weak 

Diagnosis Abscess, Bursitis, Cellulitis, HAEMATOMA, Gastroenteritis 

Psychological ADHD, Anorexia, anxiety attacks, Bipolar, Bipolar Disorder, CBT, Chronic alcohol abuse, Cognitive, Conflict, 
Confusion, Hallucinations, Marihuana, psych, Suicide 

Social Abduction, Abuse, addictions, Assault, boyfriends, Crisis, culture, Disability, Disabled, English, Fear, fight, groom, 
hearing loss, Housing, Job, Looks, Lying, Mobility, Mono, Police, Poor, Pregnant, Social Work, TALKATIVE, Tearful 

Drugs Acetaminophen #3, Cipro, Clonazepam, Codeine, Colace, Concerta, Cortisone, Cymbalta, gabapentin, Hycodan, 
Inform, Keflex, Lactulose, Naprosyn, Oxycontin, Percocet, Remeron, Salbutamol, Septra, Seroquel, Toradol, 
Warfarin, Wellbutrin,  
Wellbutrin XL 

Regional Oddities GGH, Bullfrog, PIP, PPI, Surrey, LU, INR, Willow 

EMR Oddities {RE}, Archives, Due date, Follow-up 2 weeks, Message,  

Other [f], [u], {NA}, 1pm, 2 5, 4th, 6 Hours, , Able, accept, Acceptable, acute, ADL, admits, Advising, Affected Area, Age, 
Ambulatory Care, Amount, Analgesic, Angelica, antipyretic, apparently, Appointment date, Approved, 
Approximately, arising, attacks, attends, Available, Back, Bad, BASELINE, Boost, Brain, Build, Bus, Call, Callus, calm, 
Cane, CAP, Car, CASE, Cast, cause, Cell Phone, Charge, Clean, Cleans, Clear fluid, Clinic Visit, Combination, 
Complex, Compliance, Concentration, Concussion, Confirmation, Confused, Contact, controlling, Conversation, 
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Cool, Coordination, cortisone injection, Cover, coverage, covers, crackers, Cutting, D.C., dating, deg, Deltoid, 
Denied ,desire, digits, DIP-1, DIPS, Discover, Dispense, Door, Downward, DR, Drain, Drainage, Dressing, Dropped, 
DVT, Edge, effusion, Emergency, encounter, Ended, Entire, Epigastrium, Epilepsy, esrs, estimate, EX, Exhaustion, 
explanatory, extend, Extreme, eye contact, FAF, Family Member, Fax, feel, Fill, fine, Finger, Fit, Flat, Flexion, Floor, 
Force, FP, Fracture, Fresh, F-Test, Fungal, Gait, GO, Goes, Gravol, Handle, Healing, Head Injury, Health center, hit, 
HN, Hospital, I NOS, I-E, Incision, Incision, Injured, Insurance Company Intentional, Interval, Issue, Kicking, KL, LAX, 
Left foot, Left hand, Leg, Ligament, Light touch, ll, Log, Lower abdomen, lower legs, Lying, many, Medial, Mini, 
Miss, Missed, Mobility, Modified, Mold, NOS, Money, move, MRI head, Mucosa, Needle, needs, Neighbor, Nerve, 
Nerves, Neurologist, Neurology, New medications, newly, Normal sensation, Not, Not available, Note, Now, 
Numbers, nurse patient, O NOS, Ortho-, Out, Overall, P', Patient Note, Patient request, pay, physician request, 
PICKUP, PIP, popped, Positive, Possibly, Post, Precaution, PROT, protein I, proX, Psychiatry, QID, Quadrant, 
Qualifying, Quality, questioning, Recall, Receptionist, Redo, Referring Physician, related, Relative, Residual, 
responsible, rested, Restless, Resume, Ribs, RICE, Right, Right eye, Right foot, Right hand, Right knee, Right leg, 
Rigid, Rotation, Rx, S-1, said, Saturday, Scale, Scapula, Second, sedating,  see, Seen, Sensitive, Set, Shaky, shower, 
Sign, Skull, , lipped, soaks, Sort, Soup, SPEC, Special, Specialist, specific, Specific, Splint, Started, state, Stated, 
states, steroid injection, STICK, Stiff neck, Stop, Subject Age, Suggestion, Surface, Surgeon, Sustained, Suture, 
suture removal, Take, Tears, Tender, Then, Therapeutic, Together, Trace, Trace, Transfers, Trauma, Twisted, 
U/day, U/L, Ulnar, Unlikely, urinary frequency, Urinary symptoms, Urine culture, Urine sample, Urine test NOS, 
Vaginal Discharge, Vague, Very, , Walls, Wanted, Warfarin Dose, warmth, wed, Weight Bearing, Well, Worker, 
Worsening, Wound, Writer, x-rays results, TRUE 
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Appendix G – Results by Categorized Codes (P < 0.001) 

Biological Symptoms Concept Codes 

Concept ID 
(Bio Concepts) 

Preferred UMLS Name Concept Name Beta Probability Inappropriate Use 
(with UMLS code) 

Inappropriate Use 
(without  UMLS code) 

Odds 
Ratio 

C0043246 Laceration Laceration 1.323 < 0.001 n=151 ( 56.55% ) n=1780 ( 15.29% ) 3.75 

C0232487 Abdominal discomfort Abdominal discomfort 1.017 < 0.001 n=61 ( 43.88% ) n=1870 ( 15.89% ) 2.77 

C0037361 Smell Perception Smell 0.953 < 0.001 n=54 ( 41.54% ) n=1877 ( 15.94% ) 2.59 

C0027343 Nails, Ingrown Ingrown toenail 0.953 < 0.001 n=53 ( 41.09% ) n=1878 ( 15.95% ) 2.59 

C0278146 Shooting pain Shooting pain 0.950 < 0.001 n=47 ( 41.59% ) n=1884 ( 15.98% ) 2.59 

C0240419 Muscle tenderness Muscle tenderness 0.919 < 0.001 n=67 ( 39.88% ) n=1864 ( 15.88% ) 2.51 

C0000737 Abdominal Pain Abdominal Pain 0.881 < 0.001 n=188 ( 36.94% ) n=1743 ( 15.29% ) 2.41 

C0030578 Paronychia Inflammation Paronychia 0.872 < 0.001 n=41 ( 38.32% ) n=1890 ( 16.02% ) 2.39 

C0278140 Severe pain Severe pain 0.858 < 0.001 n=131 ( 36.29% ) n=1800 ( 15.59% ) 2.36 

C1963236 Sinus Pain Adverse Event Sinus pain 0.856 < 0.001 n=50 ( 37.59% ) n=1881 ( 15.98% ) 2.35 

C1762617 Weak Weak 0.844 < 0.001 n=123 ( 35.34% ) n=1808 ( 15.64% ) 2.33 

C0439663 Infected Infected 0.844 < 0.001 n=152 ( 36.10% ) n=1779 ( 15.49% ) 2.33 

C0030193 Pain Pain 0.840 < 0.001 n=1031 ( 25.36% ) n=900 ( 11.48% ) 2.32 

C1963242 Stomach Pain Adverse Event Stomach pain 0.811 < 0.001 n=56 ( 36.13% ) n=1875 ( 15.96% ) 2.25 

C0009938 Contusions Bruising 0.803 < 0.001 n=321 ( 32.46% ) n=1610 ( 14.75% ) 2.23 

C0857087 Dizzy spells Dizzy spells 0.797 < 0.001 n=47 ( 35.07% ) n=1884 ( 16.01% ) 2.22 

C1963281 Vomiting Adverse Event Vomiting 0.792 < 0.001 n=362 ( 32.18% ) n=1569 ( 14.55% ) 2.21 

C0160111 Sprain of unspecified site of 
back 

back strain 0.776 < 0.001 n=50 ( 34.48% ) n=1881 ( 15.99% ) 2.17 

C1962977 Pain NOS Adverse Event Pain NOS 0.772 < 0.001 n=1300 ( 21.32% ) n=631 ( 10.86% ) 2.17 

C0232841 Bladder dysfunction Bladder dysfunction 0.769 < 0.001 n=42 ( 34.43% ) n=1889 ( 16.03% ) 2.16 

C0042769 Virus Diseases Viral illness 0.768 < 0.001 n=145 ( 33.64% ) n=1786 ( 15.57% ) 2.16 
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Concept ID 
(Bio Concepts) 

Preferred UMLS Name Concept Name Beta Probability Inappropriate Use 
(with UMLS code) 

Inappropriate Use 
(without  UMLS code) 

Odds 
Ratio 

C0476273 Respiratory distress Respiratory distress 0.763 < 0.001 n=40 ( 34.48% ) n=1891 ( 16.04% ) 2.15 

C0150055 Chronic pain Chronic pain 0.746 < 0.001 n=119 ( 32.51% ) n=1812 ( 15.70% ) 2.11 

C0016199 Flank Pain Flank Pain 0.740 < 0.001 n=97 ( 32.99% ) n=1834 ( 15.80% ) 2.10 

C1963090 Dehydration Adverse Event Dehydration 0.738 < 0.001 n=55 ( 33.54% ) n=1876 ( 15.98% ) 2.09 

C1963091 Diarrhea Adverse Event Diarrhea 0.723 < 0.001 n=492 ( 29.06% ) n=1439 ( 14.09% ) 2.06 

C0740418 Chronic back pain Chronic back pain 0.714 < 0.001 n=60 ( 32.26% ) n=1871 ( 15.97% ) 2.04 

C0234254 Radiating pain pain radiating 0.713 < 0.001 n=48 ( 32.43% ) n=1883 ( 16.02% ) 2.04 

C0030794 Pelvic Pain Pelvic Pain 0.707 < 0.001 n=104 ( 32.00% ) n=1827 ( 15.78% ) 2.03 

C0748706 side pain side pain 0.704 < 0.001 n=41 ( 32.28% ) n=1890 ( 16.05% ) 2.02 

C0741585 BODY PAIN body ache 0.703 < 0.001 n=50 ( 32.47% ) n=1881 ( 16.01% ) 2.02 

Diagnosis Concept Codes 

Concept IDs 
(Dx Concepts) 

Preferred UMLS Name Concept Name Beta Probability Inappropriate Use 
(with UMLS code) 

Inappropriate Use 
(without  UMLS code) 

Odds 
Ratio 

C0007642 Cellulitis Cellulitis 0.799 < 0.001 n=135 ( 34.09% ) n=1796 ( 15.61% ) 2.22 

C0018944 Hematoma HAEMATOMA 0.787 < 0.001 n=38 ( 34.86% ) n=1893 ( 16.05% ) 2.20 

C0017160 Gastroenteritis Gastroenteritis 0.777 < 0.001 n=65 ( 34.76% ) n=1866 ( 15.92% ) 2.18 

C0000833 Abscess Abscess 0.762 < 0.001 n=61 ( 34.08% ) n=1870 ( 15.95% ) 2.14 

C0006444 Bursitis Bursitis 0.706 < 0.001 n=85 ( 31.48% ) n=1846 ( 15.87% ) 2.03 

Psychological Concept Codes 

Concept ID 
(Psychological) 

Preferred UMLS Name Concept Name Beta Probability Inappropriate Use 
(with UMLS code) 

Inappropriate Use 
(without  UMLS code) 

Odds 
Ratio 

C0443156 Bipolar Bipolar 0.889 < 0.001 n=62 ( 38.75% ) n=1869 ( 15.91% ) 2.43 

C1306597 Psychiatric problem psych 0.883 < 0.001 n=95 ( 38.15% ) n=1836 ( 15.75% ) 2.42 

C0003123 Anorexia Anorexia 0.854 < 0.001 n=50 ( 37.59% ) n=1881 ( 15.98% ) 2.35 



 

 

 

 

123 

Concept ID 
(Psychological) 

Preferred UMLS Name Concept Name Beta Probability Inappropriate Use 
(with UMLS code) 

Inappropriate Use 
(without  UMLS code) 

Odds 
Ratio 

C1963086 Confusion Adverse Event Confusion 0.850 < 0.001 n=66 ( 36.26% ) n=1865 ( 15.91% ) 2.34 

C1263846 Attention deficit 
hyperactivity disorder 

ADHD 0.836 < 0.001 n=78 ( 36.28% ) n=1853 ( 15.85% ) 2.31 

C1516691 Cognitive Cognitive 0.832 < 0.001 n=51 ( 35.92% ) n=1880 ( 15.98% ) 2.30 

C0018524 Hallucinations Hallucinations 0.830 < 0.001 n=51 ( 36.43% ) n=1880 ( 15.98% ) 2.29 

C0009671 Conflict (Psychology) Conflict 0.809 < 0.001 n=47 ( 36.15% ) n=1884 ( 16.00% ) 2.25 

C0700031 Anxiety attack anxiety attacks 0.789 < 0.001 n=37 ( 35.58% ) n=1894 ( 16.05% ) 2.20 

C0038661 Suicide Suicide 0.745 < 0.001 n=61 ( 33.70% ) n=1870 ( 15.95% ) 2.11 

C0005586 Bipolar Disorder Bipolar Disorder 0.742 < 0.001 n=42 ( 33.60% ) n=1889 ( 16.04% ) 2.10 

C0009244 Cognitive Therapy CBT 0.720 < 0.001 n=54 ( 33.13% ) n=1877 ( 15.99% ) 2.05 

C0001973 Alcoholic Intoxication, 
Chronic 

Chronic alcohol abuse 0.712 < 0.001 n=46 ( 32.17% ) n=1885 ( 16.03% ) 2.04 

C0024808 Marihuana Marihuana 0.708 < 0.001 n=36 ( 32.43% ) n=1895 ( 16.07% ) 2.03 

Social Concept Codes 

Concept ID 
(Social) 

Preferred UMLS Name Concept Name Beta Probability Inappropriate Use 
(with UMLS code) 

Inappropriate Use 
(without  UMLS code) 

Odds 
Ratio 

C0424324 Fighting fight 1.068 < 0.001 n=83 ( 46.11% ) n=1848 ( 15.76% ) 2.91 

C0020056 Housing Housing 1.060 < 0.001 n=61 ( 45.19% ) n=1870 ( 15.89% ) 2.89 

C0004063 Assault Assault 1.057 < 0.001 n=48 ( 46.15% ) n=1883 ( 15.96% ) 2.88 

C0425245 Mobility as a finding Mobility 0.987 < 0.001 n=63 ( 40.65% ) n=1868 ( 15.90% ) 2.68 

C0220814 Cultural aspects culture 0.986 < 0.001 n=89 ( 42.38% ) n=1842 ( 15.75% ) 2.68 

C0085098 Police Police 0.969 < 0.001 n=79 ( 41.58% ) n=1852 ( 15.81% ) 2.63 

C0231170 Disability Disability 0.936 < 0.001 n=186 ( 37.80% ) n=1745 ( 15.29% ) 2.55 

C0562381 Victim of abuse finding Abuse 0.917 < 0.001 n=63 ( 39.62% ) n=1868 ( 15.90% ) 2.50 

C0085281 Addictive Behavior addictions 0.892 < 0.001 n=72 ( 38.30% ) n=1859 ( 15.87% ) 2.44 
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Concept ID 
(Social) 

Preferred UMLS Name Concept Name Beta Probability Inappropriate Use 
(with UMLS code) 

Inappropriate Use 
(without  UMLS code) 

Odds 
Ratio 

C1551969 Mono language Mono 0.870 < 0.001 n=68 ( 38.20% ) n=1863 ( 15.89% ) 2.39 

C0231224 Crisis Crisis 0.809 < 0.001 n=116 ( 35.26% ) n=1815 ( 15.68% ) 2.25 

C0032854 Poverty Poor 0.795 < 0.001 n=53 ( 35.33% ) n=1878 ( 15.98% ) 2.22 

C0018576 Disabled Persons Disabled 0.792 < 0.001 n=126 ( 34.43% ) n=1805 ( 15.64% ) 2.21 

C0034991 Rehabilitation therapy Rehab 0.774 < 0.001 n=78 ( 33.48% ) n=1853 ( 15.88% ) 2.17 

C0600261 Telling untruths Lying 0.744 < 0.001 n=42 ( 33.60% ) n=1889 ( 16.04% ) 2.10 

C0011053 Deafness hearing loss 0.742 < 0.001 n=37 ( 33.04% ) n=1894 ( 16.06% ) 2.10 

C2826594 Computer Job Job 0.737 < 0.001 n=57 ( 33.33% ) n=1874 ( 15.97% ) 2.09 

C0027796 Neuralgia Neuropathic Pain 0.730 < 0.001 n=50 ( 32.68% ) n=1881 ( 16.01% ) 2.07 

C0518461 Grooming self-care groom 0.729 < 0.001 n=58 ( 32.95% ) n=1873 ( 15.97% ) 2.07 

C0424109 Weepiness Tearful 0.724 < 0.001 n=200 ( 31.20% ) n=1731 ( 15.37% ) 2.06 

C0241331 TALKATIVE TALKATIVE 0.717 < 0.001 n=46 ( 33.09% ) n=1885 ( 16.02% ) 2.05 

C0553641 Pregnant - adjective Pregnant 0.708 < 0.001 n=71 ( 32.72% ) n=1860 ( 15.91% ) 2.03 

C1961839 Fear (finding) Fear 0.708 < 0.001 n=138 ( 31.58% ) n=1793 ( 15.63% ) 2.03 

C0231456 Abduction Abduction 0.708 < 0.001 n=109 ( 31.41% ) n=1822 ( 15.76% ) 2.03 

C0521319 Boyfriend boyfriends 0.705 < 0.001 n=130 ( 31.63% ) n=1801 ( 15.67% ) 2.02 

C0037441 Social Work (discipline) Social Work 0.702 < 0.001 n=41 ( 32.28% ) n=1890 ( 16.05% ) 2.02 

C0233426 Personal appearance Looks 0.701 < 0.001 n=1528 ( 19.53% ) n=403 ( 9.87% ) 2.02 

C0376245 English Language English -1.313 < 0.001 n=67 ( 4.84% ) n=1864 ( 17.72% ) 0.27 

Drug Concept Codes 

Concept ID 
(Rx Concepts) 

Preferred UMLS Name Concept Name Beta Probability Inappropriate Use 
(with UMLS code) 

Inappropriate Use 
(without  UMLS code) 

Odds 
Ratio 

C1330606 Wellbutrin XL Wellbutrin XL 1.133 < 0.001 n=47 ( 49.47% ) n=1884 ( 15.95% ) 3.10 

C0060926 gabapentin gabapentin 1.101 < 0.001 n=54 ( 46.96% ) n=1877 ( 15.92% ) 3.01 

C0287163 Seroquel Seroquel 1.017 < 0.001 n=76 ( 43.68% ) n=1855 ( 15.81% ) 2.76 



 

 

 

 

125 

Concept ID 
(Rx Concepts) 

Preferred UMLS Name Concept Name Beta Probability Inappropriate Use 
(with UMLS code) 

Inappropriate Use 
(without  UMLS code) 

Odds 
Ratio 

C0086787 Percocet Percocet 0.951 < 0.001 n=128 ( 39.26% ) n=1803 ( 15.57% ) 2.59 

C0009011 Clonazepam Clonazepam 0.937 < 0.001 n=66 ( 40.24% ) n=1865 ( 15.88% ) 2.55 

C0043031 Warfarin Warfarin 0.849 < 0.001 n=43 ( 35.25% ) n=1888 ( 16.02% ) 2.34 

C0700017 Naprosyn Naprosyn 0.844 < 0.001 n=111 ( 36.27% ) n=1820 ( 15.69% ) 2.33 

C0524222 Oxycodone measurement Oxycontin 0.838 < 0.001 n=48 ( 36.36% ) n=1883 ( 15.99% ) 2.31 

C0699595 Septra Septra 0.836 < 0.001 n=89 ( 36.63% ) n=1842 ( 15.79% ) 2.31 

C0282139 Colace Colace 0.828 < 0.001 n=47 ( 36.15% ) n=1884 ( 16.00% ) 2.29 

C1505021 Cymbalta Cymbalta 0.810 < 0.001 n=50 ( 35.71% ) n=1881 ( 15.99% ) 2.25 

C0537670 Oprelvekin Inform 0.801 < 0.001 n=86 ( 34.96% ) n=1845 ( 15.82% ) 2.23 

C0146226 Toradol Toradol 0.800 < 0.001 n=67 ( 35.45% ) n=1864 ( 15.91% ) 2.23 

C0022957 Lactulose Lactulose 0.796 < 0.001 n=55 ( 35.26% ) n=1876 ( 15.97% ) 2.22 

C0001927 Albuterol Salbutamol 0.786 < 0.001 n=45 ( 35.16% ) n=1886 ( 16.01% ) 2.20 

C2351132 Acetaminophen / Codeine Acetaminophen #3 0.784 < 0.001 n=101 ( 33.89% ) n=1830 ( 15.77% ) 2.19 

C0720909 Hycodan Hycodan 0.771 < 0.001 n=42 ( 34.43% ) n=1889 ( 16.03% ) 2.16 

C0010137 Cortisone Cortisone 0.765 < 0.001 n=49 ( 34.03% ) n=1882 ( 16.00% ) 2.15 

C0085934 Wellbutrin Wellbutrin 0.748 < 0.001 n=94 ( 33.33% ) n=1837 ( 15.80% ) 2.11 

C0701042 Cipro Cipro 0.746 < 0.001 n=179 ( 31.79% ) n=1752 ( 15.45% ) 2.11 

C0525726 Remeron Remeron 0.725 < 0.001 n=36 ( 33.03% ) n=1895 ( 16.06% ) 2.07 

C0700517 Keflex Keflex 0.712 < 0.001 n=182 ( 31.22% ) n=1749 ( 15.45% ) 2.04 

C0939301 Concerta Concerta 0.707 < 0.001 n=42 ( 32.56% ) n=1889 ( 16.04% ) 2.03 

C0009214 Codeine Codeine 0.700 < 0.001 n=57 ( 31.84% ) n=1874 ( 15.98% ) 2.01 

Regional Oddities / Errors  

Concept ID 
(Reg. Oddities) 

Preferred UMLS Name Concept Name Beta Probability Inappropriate Use 
(with UMLS code) 

Inappropriate Use 
(without  UMLS code) 

Odds 
Ratio 

C1415051 GGH gene GGH 0.993 < 0.001 n=838 ( 29.60% ) n=1093 ( 12.05% ) 2.70 
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Concept ID 
(Reg. Oddities) 

Preferred UMLS Name Concept Name Beta Probability Inappropriate Use 
(with UMLS code) 

Inappropriate Use 
(without  UMLS code) 

Odds 
Ratio 

C1704538 Integrated 
Neuromusculoskeletal 
Release 

INR 0.868 < 0.001 n=52 ( 35.62% ) n=1879 ( 15.98% ) 2.38 

C0995181 Willow Willow 0.782 < 0.001 n=46 ( 35.11% ) n=1885 ( 16.01% ) 2.19 

C0034651 Rana catesbeiana Bullfrog 0.765 < 0.001 n=49 ( 33.79% ) n=1882 ( 16.00% ) 2.15 

C2697939 Loomis Unit LU 0.753 < 0.001 n=66 ( 31.88% ) n=1865 ( 15.94% ) 2.12 

C0871125 prepulse inhibition activity PPI 0.716 < 0.001 n=38 ( 32.48% ) n=1893 ( 16.06% ) 2.05 

C0454877 Surrey Surrey 0.705 < 0.001 n=102 ( 31.29% ) n=1829 ( 15.80% ) 2.02 

EMR Oddities / Errors  

Concept ID 
(EMR Oddities) 

Preferred UMLS Name Concept Name Beta Probability Inappropriate Use 
(with UMLS code) 

Inappropriate Use 
(without  UMLS code) 

Odds 
Ratio 

C0556581 Retinol equivalents {RE} 0.979 < 0.001 n=1676 ( 19.45% ) n=255 ( 7.76% ) 2.66 

C0003738 archive Archives 0.842 < 0.001 n=1542 ( 19.98% ) n=389 ( 9.29% ) 2.32 

C0470166 Message Message 0.832 < 0.001 n=1578 ( 19.55% ) n=353 ( 9.20% ) 2.30 

C0425989 Estimated date of delivery Due date 0.820 < 0.001 n=1495 ( 20.27% ) n=436 ( 9.63% ) 2.27 

C0420332 Follow-up 2 weeks Follow-up 2 weeks 0.820 < 0.001 n=38 ( 34.55% ) n=1893 ( 16.05% ) 2.27 

Others Concept Codes 

Concept ID 
(Other) 

Preferred Name Concept Name Beta Probability Inappropriate Use 
(with UMLS code) 

Inappropriate Use 
(without  UMLS code) 

Odds 
Ratio 

C0184936 Removal of sutures suture removal 1.305 < 0.001 n=83 ( 57.64% ) n=1848 ( 15.71% ) 3.69 

C0038969 Surgical sutures Suture 1.244 < 0.001 n=157 ( 52.68% ) n=1774 ( 15.28% ) 3.47 

C1514624 Qualifying Qualifying 1.228 < 0.001 n=52 ( 53.06% ) n=1879 ( 15.91% ) 3.42 

C0013119 Sterile coverings Dressing 1.144 < 0.001 n=83 ( 47.98% ) n=1848 ( 15.75% ) 3.14 

C0043250 Injury wounds Wound 1.143 < 0.001 n=138 ( 47.59% ) n=1793 ( 15.44% ) 3.14 
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Concept ID 
(Other) 

Preferred Name Concept Name Beta Probability Inappropriate Use 
(with UMLS code) 

Inappropriate Use 
(without  UMLS code) 

Odds 
Ratio 

C0179686 Orthopedic Cast Cast 1.142 < 0.001 n=67 ( 49.63% ) n=1864 ( 15.84% ) 3.13 

C1414532 FANCF gene FAF 1.044 < 0.001 n=70 ( 44.59% ) n=1861 ( 15.84% ) 2.84 

C0449580 Qualitative mobility Mobility 1.041 < 0.001 n=48 ( 44.04% ) n=1883 ( 15.96% ) 2.83 

C1292428 6 Hours 6 Hours 1.012 < 0.001 n=47 ( 43.93% ) n=1884 ( 15.97% ) 2.75 

C0026837 Muscle Rigidity Rigid 1.005 < 0.001 n=87 ( 43.28% ) n=1844 ( 15.76% ) 2.73 

C1537528 LAX1 gene LAX 0.987 < 0.001 n=47 ( 42.73% ) n=1884 ( 15.97% ) 2.68 

C0230371 Structure of left hand Left hand 0.982 < 0.001 n=50 ( 42.37% ) n=1881 ( 15.96% ) 2.67 

C0728827 Does transfer Transfers 0.980 < 0.001 n=42 ( 40.78% ) n=1889 ( 16.01% ) 2.67 

C1880355 Discover Discover 0.972 < 0.001 n=50 ( 42.02% ) n=1881 ( 15.96% ) 2.64 

C0936217 Angelica Angelica 0.959 < 0.001 n=58 ( 41.43% ) n=1873 ( 15.92% ) 2.61 

C1718097 New medications New medications 0.953 < 0.001 n=43 ( 40.57% ) n=1888 ( 16.00% ) 2.59 

C0302350 Therapeutic Therapeutic 0.953 < 0.001 n=40 ( 40.40% ) n=1891 ( 16.02% ) 2.59 

C0205249 Healed Healing 0.953 < 0.001 n=361 ( 36.50% ) n=1570 ( 14.38% ) 2.59 

C0576709 Normal sensation Normal sensation 0.948 < 0.001 n=76 ( 40.64% ) n=1855 ( 15.83% ) 2.58 

C1880359 Dispense Dispense 0.944 < 0.001 n=50 ( 40.65% ) n=1881 ( 15.97% ) 2.57 

C0205170 Good Well 0.944 < 0.001 n=1789 ( 18.04% ) n=142 ( 7.14% ) 2.57 

C0038009 Splint Device Splint 0.944 < 0.001 n=106 ( 40.00% ) n=1825 ( 15.68% ) 2.57 

C0031831 Physicians DR 0.939 < 0.001 n=1764 ( 18.13% ) n=167 ( 7.67% ) 2.56 

C1880201 Curriculum Vitae Resume 0.934 < 0.001 n=79 ( 39.50% ) n=1852 ( 15.82% ) 2.55 

C0028658 Nurse-Patient Relations nurse patient 0.932 < 0.001 n=41 ( 40.20% ) n=1890 ( 16.01% ) 2.54 

C1551362 coverage - financial contract coverage 0.930 < 0.001 n=57 ( 39.86% ) n=1874 ( 15.93% ) 2.53 

C1882041 Needle Shape Needle 0.929 < 0.001 n=41 ( 40.59% ) n=1890 ( 16.01% ) 2.53 

C0392879 Infusion of cortisone cortisone injection 0.928 < 0.001 n=40 ( 39.60% ) n=1891 ( 16.02% ) 2.53 

C0205349 Altered Modified 0.920 < 0.001 n=122 ( 38.73% ) n=1809 ( 15.61% ) 2.51 

C1996244 ll ll 0.920 < 0.001 n=48 ( 40.00% ) n=1883 ( 15.98% ) 2.51 
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Concept ID 
(Other) 

Preferred Name Concept Name Beta Probability Inappropriate Use 
(with UMLS code) 

Inappropriate Use 
(without  UMLS code) 

Odds 
Ratio 

C0018674 Craniocerebral Trauma Injury, Head 0.915 < 0.001 n=68 ( 39.53% ) n=1863 ( 15.88% ) 2.50 

C0205238 TRUE TRUE 0.913 < 0.001 n=55 ( 39.57% ) n=1876 ( 15.94% ) 2.49 

C0230166 Lower abdomen Lower abdomen 0.911 < 0.001 n=45 ( 39.82% ) n=1886 ( 15.99% ) 2.49 

C1427500 PDHX gene proX 0.909 < 0.001 n=65 ( 39.39% ) n=1866 ( 15.89% ) 2.48 

C0184898 Surgical incisions Incision 0.909 < 0.001 n=95 ( 38.78% ) n=1836 ( 15.75% ) 2.48 

C0042023 Increased frequency of 
micturition 

urinary frequency 0.909 < 0.001 n=94 ( 38.68% ) n=1837 ( 15.75% ) 2.48 

C0332284 Arising in arising 0.907 < 0.001 n=51 ( 39.53% ) n=1880 ( 15.96% ) 2.48 

C0541748 Household shower shower 0.903 < 0.001 n=75 ( 38.86% ) n=1856 ( 15.85% ) 2.47 

C0034770 Mental Recall Recall 0.896 < 0.001 n=46 ( 38.02% ) n=1885 ( 16.00% ) 2.45 

C0456683 U/day U/day 0.894 < 0.001 n=39 ( 39.00% ) n=1892 ( 16.03% ) 2.45 

C1552740 Entity Determiner - specific specific 0.894 < 0.001 n=59 ( 38.82% ) n=1872 ( 15.93% ) 2.44 

C1706255 Packaging Case CASE 0.893 < 0.001 n=42 ( 38.89% ) n=1889 ( 16.01% ) 2.44 

C0750541 apparently apparently 0.892 < 0.001 n=211 ( 36.70% ) n=1720 ( 15.18% ) 2.44 

C1553702 Neighbor Neighbor 0.892 < 0.001 n=47 ( 38.52% ) n=1884 ( 15.99% ) 2.44 

C0087044 Synapsin I protein i 0.892 < 0.001 n=50 ( 39.06% ) n=1881 ( 15.97% ) 2.44 

C0027740 Nerve Nerves 0.884 < 0.001 n=44 ( 38.26% ) n=1887 ( 16.01% ) 2.42 

C0366686 Warfarin:Mass:Point in 
time:Dose med or 
substance:Quantitative 

Warfarin Dose 0.883 < 0.001 n=39 ( 36.45% ) n=1892 ( 16.04% ) 2.42 

C0205555 Special (qualifier) Special 0.880 < 0.001 n=82 ( 37.79% ) n=1849 ( 15.82% ) 2.41 

C1947925 Stop (Instruction Imperative) Stop 0.879 < 0.001 n=133 ( 36.94% ) n=1798 ( 15.57% ) 2.41 

C1549448 Insurance company Insurance company 0.878 < 0.001 n=51 ( 38.06% ) n=1880 ( 15.97% ) 2.40 

C1304680 Observation of attack attacks 0.871 < 0.001 n=39 ( 38.24% ) n=1892 ( 16.03% ) 2.39 

C1569379 Gravol Gravol 0.868 < 0.001 n=112 ( 37.46% ) n=1819 ( 15.67% ) 2.38 

C1272684 Accepted accept 0.865 < 0.001 n=136 ( 36.76% ) n=1795 ( 15.56% ) 2.38 
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Concept ID 
(Other) 

Preferred Name Concept Name Beta Probability Inappropriate Use 
(with UMLS code) 

Inappropriate Use 
(without  UMLS code) 

Odds 
Ratio 

C0582802 Digit structure digits 0.861 < 0.001 n=84 ( 36.68% ) n=1847 ( 15.82% ) 2.37 

C0008952 Clinic Visits Clinic Visit 0.859 < 0.001 n=49 ( 35.77% ) n=1882 ( 15.99% ) 2.36 

C0332664 Injured Injured 0.857 < 0.001 n=198 ( 35.61% ) n=1733 ( 15.27% ) 2.36 

C1518422 Negation Not 0.856 < 0.001 n=1790 ( 17.68% ) n=141 ( 7.91% ) 2.35 

C0445542 Mini Mini 0.856 < 0.001 n=37 ( 36.27% ) n=1894 ( 16.05% ) 2.35 

C1419068 PTGFR gene FP 0.854 < 0.001 n=40 ( 37.74% ) n=1891 ( 16.03% ) 2.35 

C1553035 Unit Of Measure Prefix - 
micro 

[u] 0.854 < 0.001 n=1636 ( 19.15% ) n=295 ( 8.78% ) 2.35 

C0033873 Psychiatry Specialty Psychiatry 0.852 < 0.001 n=45 ( 37.50% ) n=1886 ( 16.00% ) 2.34 

C2338258 Cranial incision point Incision 0.850 < 0.001 n=52 ( 37.14% ) n=1879 ( 15.97% ) 2.34 

C1611821 Family Member - RoleCode Family Member 0.847 < 0.001 n=51 ( 36.96% ) n=1880 ( 15.98% ) 2.33 

C0026724 Mucous Membrane Mucosa 0.846 < 0.001 n=54 ( 37.50% ) n=1877 ( 15.96% ) 2.33 

C0700114 Coordinated Coordination 0.843 < 0.001 n=51 ( 37.23% ) n=1880 ( 15.98% ) 2.32 

C1706211 Charge (electrical) Charge 0.840 < 0.001 n=112 ( 36.25% ) n=1819 ( 15.69% ) 2.32 

C1822658 GORAB gene GO 0.840 < 0.001 n=922 ( 26.51% ) n=1009 ( 11.97% ) 2.32 

C1947930 Cleaning (activity) Clean 0.838 < 0.001 n=277 ( 34.20% ) n=1654 ( 14.91% ) 2.31 

C0006104 Brain Brain 0.830 < 0.001 n=74 ( 36.10% ) n=1857 ( 15.87% ) 2.29 

C0205154 Along edge (qualifier value) Edge 0.828 < 0.001 n=74 ( 36.10% ) n=1857 ( 15.87% ) 2.29 

C0205397 Seen Seen 0.828 < 0.001 n=1072 ( 25.15% ) n=859 ( 11.24% ) 2.29 

C1705190 Second Suffix Second 0.828 < 0.001 n=57 ( 36.54% ) n=1874 ( 15.95% ) 2.29 

C0085086 Weight Bearing Weight Bearing 0.827 < 0.001 n=75 ( 36.06% ) n=1856 ( 15.87% ) 2.29 

C1553038 Femto [f] 0.824 < 0.001 n=1647 ( 18.98% ) n=284 ( 8.80% ) 2.28 

C1283828 intent Intentional 0.824 < 0.001 n=46 ( 36.51% ) n=1885 ( 16.00% ) 2.28 

C0175673 Bale out Emergency 0.824 < 0.001 n=49 ( 36.57% ) n=1882 ( 15.99% ) 2.28 

C0150157 Calming calm 0.824 < 0.001 n=90 ( 36.14% ) n=1841 ( 15.79% ) 2.28 

C1609982 Residual Residual 0.823 < 0.001 n=55 ( 35.95% ) n=1876 ( 15.96% ) 2.28 
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Concept ID 
(Other) 

Preferred Name Concept Name Beta Probability Inappropriate Use 
(with UMLS code) 

Inappropriate Use 
(without  UMLS code) 

Odds 
Ratio 

C0677535 Walls of a building Walls 0.823 < 0.001 n=111 ( 35.58% ) n=1820 ( 15.70% ) 2.28 

C0001779 Age Age 0.821 < 0.001 n=1710 ( 18.18% ) n=221 ( 8.84% ) 2.27 

C0080151 Simian Acquired 
Immunodeficiency Syndrome 

said 0.821 < 0.001 n=1002 ( 25.61% ) n=929 ( 11.62% ) 2.27 

C0002423 ambulatory care services Ambulatory Care 0.817 < 0.001 n=66 ( 35.48% ) n=1865 ( 15.91% ) 2.26 

C1948052 Now (temporal qualifier) Now 0.815 < 0.001 n=1416 ( 21.28% ) n=515 ( 9.81% ) 2.26 

C0205408 Vague Vague 0.814 < 0.001 n=105 ( 35.00% ) n=1826 ( 15.73% ) 2.26 

C1272706 Interval Interval 0.813 < 0.001 n=63 ( 35.80% ) n=1868 ( 15.93% ) 2.25 

C0870909 Money Money 0.813 < 0.001 n=98 ( 35.38% ) n=1833 ( 15.76% ) 2.25 

C1510665 Hospital environment Hospital 0.812 < 0.001 n=263 ( 32.75% ) n=1668 ( 15.02% ) 2.25 

C0205345 Relative Relative 0.810 < 0.001 n=50 ( 35.97% ) n=1881 ( 15.99% ) 2.25 

C1707059 Pre-release version of a 
computer program 

Build 0.810 < 0.001 n=38 ( 35.85% ) n=1893 ( 16.04% ) 2.25 

C0332306 Quality Quality 0.810 < 0.001 n=37 ( 35.58% ) n=1894 ( 16.05% ) 2.25 

C0439792 Extent extend 0.808 < 0.001 n=134 ( 34.63% ) n=1797 ( 15.60% ) 2.24 

C0683454 Internal-External Locus of 
Control Scale 

I-E 0.807 < 0.001 n=254 ( 32.69% ) n=1677 ( 15.07% ) 2.24 

C0439114 Upper case Roman letter O O NOS 0.807 < 0.001 n=1680 ( 18.64% ) n=251 ( 8.69% ) 2.24 

C0237426 Neurologist Neurologist 0.806 < 0.001 n=59 ( 35.54% ) n=1872 ( 15.95% ) 2.24 

C0037303 Bone structure of cranium Skull 0.805 < 0.001 n=41 ( 35.96% ) n=1890 ( 16.03% ) 2.24 

C2926618 Ever told by doctor that you 
had deep venous 
thrombosis:Finding:Point in 
time:^Patient:Ordinal 

DVT 0.804 < 0.001 n=49 ( 35.51% ) n=1882 ( 15.99% ) 2.23 

C0033872 Psychiatrist Psychiatry 0.804 < 0.001 n=100 ( 35.21% ) n=1831 ( 15.76% ) 2.23 

C1710571 Unlikely Related to 
Intervention 

Unlikely 0.803 < 0.001 n=97 ( 35.02% ) n=1834 ( 15.77% ) 2.23 
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C0205178 acute acute 0.802 < 0.001 n=201 ( 33.50% ) n=1730 ( 15.30% ) 2.23 

C0009563 Biomechanical compliance Compliance 0.800 < 0.001 n=55 ( 34.81% ) n=1876 ( 15.97% ) 2.23 

C0230460 Structure of right foot Right foot 0.799 < 0.001 n=56 ( 35.22% ) n=1875 ( 15.96% ) 2.22 

C1705648 Dropping Dropped 0.799 < 0.001 n=158 ( 33.91% ) n=1773 ( 15.50% ) 2.22 

C0013987 Emotions feel 0.797 < 0.001 n=1484 ( 20.24% ) n=447 ( 9.77% ) 2.22 

C1552743 organization - state state 0.797 < 0.001 n=79 ( 34.80% ) n=1852 ( 15.86% ) 2.22 

C1549490 Day type - Denied Denied 0.797 < 0.001 n=117 ( 34.72% ) n=1814 ( 15.68% ) 2.22 

C0237553 dating dating 0.795 < 0.001 n=53 ( 35.81% ) n=1878 ( 15.97% ) 2.21 

C1704625 Exposure Domain EX 0.794 < 0.001 n=52 ( 35.37% ) n=1879 ( 15.98% ) 2.21 

C0006767 Bone callus Callus 0.789 < 0.001 n=43 ( 34.68% ) n=1888 ( 16.03% ) 2.20 

C1366480 KITLG gene KL 0.789 < 0.001 n=244 ( 32.15% ) n=1687 ( 15.14% ) 2.20 

C1704687 Post Device Component Post 0.788 < 0.001 n=197 ( 32.89% ) n=1734 ( 15.34% ) 2.20 

C2371406 Kicking Kicking 0.788 < 0.001 n=45 ( 35.16% ) n=1886 ( 16.01% ) 2.20 

C0205104 Downward Downward 0.784 < 0.001 n=42 ( 35.00% ) n=1889 ( 16.03% ) 2.19 

C1547924 Specimen Source Codes - 
Tears 

Tears 0.784 < 0.001 n=41 ( 35.34% ) n=1890 ( 16.03% ) 2.19 

C0442044 Ulnar Ulnar 0.783 < 0.001 n=47 ( 34.81% ) n=1884 ( 16.01% ) 2.19 

C1828381 Advising (action) Advising 0.783 < 0.001 n=1233 ( 22.52% ) n=698 ( 10.86% ) 2.19 

C0332232 Approximate Approximately 0.783 < 0.001 n=88 ( 34.24% ) n=1843 ( 15.82% ) 2.19 

C0230185 Epigastrium Epigastrium 0.783 < 0.001 n=70 ( 34.83% ) n=1861 ( 15.90% ) 2.19 

C0578671 Does move move 0.782 < 0.001 n=140 ( 33.82% ) n=1791 ( 15.59% ) 2.19 

C0229089 Right eye Right eye 0.781 < 0.001 n=44 ( 34.92% ) n=1887 ( 16.02% ) 2.18 

C1273518 Responsible to responsible 0.778 < 0.001 n=42 ( 35.00% ) n=1889 ( 16.03% ) 2.18 

C0205090 Right Right 0.777 < 0.001 n=1410 ( 20.91% ) n=521 ( 10.09% ) 2.18 

C0180499 Drain device Drain 0.777 < 0.001 n=85 ( 34.14% ) n=1846 ( 15.84% ) 2.17 

C1306235 Cutting sensation quality Cutting 0.777 < 0.001 n=99 ( 34.02% ) n=1832 ( 15.77% ) 2.17 
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C1136359 Cellular Phone Cell Phone 0.776 < 0.001 n=63 ( 34.81% ) n=1868 ( 15.93% ) 2.17 

C0850567 x-rays results x-rays results 0.776 < 0.001 n=73 ( 34.11% ) n=1858 ( 15.89% ) 2.17 

C0439820 Popping sensation quality popped 0.775 < 0.001 n=66 ( 34.55% ) n=1865 ( 15.92% ) 2.17 

C0023685 Ligaments Ligament 0.775 < 0.001 n=44 ( 34.65% ) n=1887 ( 16.02% ) 2.17 

C1706583 Stick Dosing Unit STICK 0.775 < 0.001 n=85 ( 34.27% ) n=1846 ( 15.84% ) 2.17 

C1442792 State Stated 0.773 < 0.001 n=446 ( 29.89% ) n=1485 ( 14.26% ) 2.17 

C1555021 Physician request Physician request 0.773 < 0.001 n=202 ( 32.22% ) n=1729 ( 15.33% ) 2.17 

C1514241 Positive Finding Positive 0.773 < 0.001 n=248 ( 32.55% ) n=1683 ( 15.10% ) 2.17 

C0392703 Shaky Shaky 0.770 < 0.001 n=39 ( 34.51% ) n=1892 ( 16.04% ) 2.16 

C1261311 Injection of steroid steroid injection 0.769 < 0.001 n=40 ( 33.90% ) n=1891 ( 16.04% ) 2.16 

C2349206 Miss - Title Miss 0.768 < 0.001 n=77 ( 34.22% ) n=1854 ( 15.87% ) 2.16 

C0443318 Sustained Sustained 0.768 < 0.001 n=52 ( 34.21% ) n=1879 ( 15.99% ) 2.15 

C1546960 Patient Outcome - 
Worsening 

Worsening 0.765 < 0.001 n=80 ( 34.19% ) n=1851 ( 15.86% ) 2.15 

C1554196 patient encounter encounter 0.763 < 0.001 n=69 ( 34.33% ) n=1862 ( 15.91% ) 2.15 

C0086250 Erythrocyte Sedimentation 
Rate 

esrs 0.763 < 0.001 n=40 ( 34.48% ) n=1891 ( 16.04% ) 2.14 

C1879646 Affected Area Affected Area 0.762 < 0.001 n=86 ( 33.99% ) n=1845 ( 15.83% ) 2.14 

C1883002 Sequence Chromatogram Trace 0.761 < 0.001 n=52 ( 34.44% ) n=1879 ( 15.99% ) 2.14 

C1561607 Overall Overall 0.761 < 0.001 n=101 ( 33.33% ) n=1830 ( 15.77% ) 2.14 

C0518610 Social warmth warmth 0.761 < 0.001 n=61 ( 33.89% ) n=1870 ( 15.95% ) 2.14 

C2745965 Emergencies 
[Disease/Finding] 

Emergency 0.760 < 0.001 n=44 ( 34.11% ) n=1887 ( 16.02% ) 2.14 

C0441722 Force Force 0.759 < 0.001 n=43 ( 34.13% ) n=1888 ( 16.03% ) 2.14 

C0042014 Urinalysis Urine test NOS 0.759 < 0.001 n=93 ( 33.82% ) n=1838 ( 15.80% ) 2.14 

C0747726 POLY many 0.757 < 0.001 n=47 ( 33.81% ) n=1884 ( 16.01% ) 2.13 
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C0006856 CANE, INCLUDES CANES OF 
ALL MATERIALS, 
ADJUSTABLE OR FIXED, WITH 
TIP 

Cane 0.757 < 0.001 n=69 ( 32.24% ) n=1862 ( 15.93% ) 2.13 

C1444647 Wanted Wanted 0.757 < 0.001 n=1104 ( 23.31% ) n=827 ( 11.54% ) 2.13 

C1947967 Call (Instruction) Call 0.756 < 0.001 n=1420 ( 20.29% ) n=511 ( 10.42% ) 2.13 

C0332159 Struck by hit 0.756 < 0.001 n=180 ( 32.73% ) n=1751 ( 15.42% ) 2.13 

C0234234 Tender Tender 0.755 < 0.001 n=876 ( 25.53% ) n=1055 ( 12.45% ) 2.13 

C0002771 Analgesics Analgesic 0.755 < 0.001 n=78 ( 33.77% ) n=1853 ( 15.87% ) 2.13 

C1509547 Rice Preparation RICE 0.755 < 0.001 n=44 ( 34.11% ) n=1887 ( 16.02% ) 2.13 

C0453847 Clear fluid Clear fluid 0.754 < 0.001 n=82 ( 33.74% ) n=1849 ( 15.85% ) 2.13 

C1708059 Fill Fill 0.754 < 0.001 n=351 ( 30.74% ) n=1580 ( 14.68% ) 2.13 

C0001288 Activities of Daily Living 
(activity) 

ADL 0.754 < 0.001 n=57 ( 33.33% ) n=1874 ( 15.97% ) 2.13 

C0230446 Both lower legs lower legs 0.754 < 0.001 n=70 ( 33.18% ) n=1861 ( 15.91% ) 2.13 

C0686904 Patient need for (contextual 
qualifier) 

needs 0.754 < 0.001 n=1343 ( 21.34% ) n=588 ( 10.48% ) 2.12 

C1706387 Issue (document) Issue 0.753 < 0.001 n=216 ( 32.24% ) n=1715 ( 15.26% ) 2.12 

C0475309 Health center Health center 0.753 < 0.001 n=37 ( 33.64% ) n=1894 ( 16.06% ) 2.12 

C0423553 Light touch Light touch 0.752 < 0.001 n=74 ( 33.64% ) n=1857 ( 15.89% ) 2.12 

C0450346 2 5 2 5 0.752 < 0.001 n=99 ( 32.35% ) n=1832 ( 15.79% ) 2.12 

C0336815 Motor bus Bus 0.752 < 0.001 n=39 ( 33.62% ) n=1892 ( 16.05% ) 2.12 

C0204774 Soaking Procedure soaks 0.751 < 0.001 n=122 ( 33.06% ) n=1809 ( 15.68% ) 2.12 

C1306056 Worker Worker 0.751 < 0.001 n=113 ( 33.33% ) n=1818 ( 15.72% ) 2.12 

C0016129 Fingers Finger 0.751 < 0.001 n=273 ( 31.45% ) n=1658 ( 15.02% ) 2.12 

C0235195 Sedated state sedating 0.750 < 0.001 n=45 ( 33.83% ) n=1886 ( 16.02% ) 2.12 
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C0337209 Slipping slipped 0.750 < 0.001 n=79 ( 33.33% ) n=1852 ( 15.87% ) 2.12 

C1317574 Note Note 0.750 < 0.001 n=1386 ( 20.92% ) n=545 ( 10.32% ) 2.12 

C2700401 Deny (action) Denied 0.750 < 0.001 n=63 ( 33.69% ) n=1868 ( 15.94% ) 2.12 

C0038846 Supine Position Lying 0.749 < 0.001 n=230 ( 31.46% ) n=1701 ( 15.22% ) 2.11 

C0378785 3,5-diisopropylsalicylic acid DIPS 0.747 < 0.001 n=293 ( 30.97% ) n=1638 ( 14.95% ) 2.11 

C1515187 Take Take 0.747 < 0.001 n=1070 ( 23.13% ) n=861 ( 11.83% ) 2.11 

C0016249 floor (object) Floor 0.747 < 0.001 n=96 ( 32.76% ) n=1835 ( 15.80% ) 2.11 

C0221138 Blood group antibody I I NOS 0.747 < 0.001 n=1599 ( 19.00% ) n=332 ( 9.52% ) 2.11 

C0205148 Surface Surface 0.746 < 0.001 n=55 ( 33.33% ) n=1876 ( 15.98% ) 2.11 

C0585291 Four times daily QID 0.746 < 0.001 n=261 ( 31.29% ) n=1670 ( 15.08% ) 2.11 

C0439855 Complex Complex 0.746 < 0.001 n=39 ( 33.91% ) n=1892 ( 16.05% ) 2.11 

C0750572 Estimated estimate 0.745 < 0.001 n=143 ( 32.87% ) n=1788 ( 15.59% ) 2.11 

C0681211 Wedding wed 0.745 < 0.001 n=1229 ( 21.81% ) n=702 ( 11.20% ) 2.11 

C0042789 Vision see 0.744 < 0.001 n=1656 ( 18.36% ) n=275 ( 9.54% ) 2.11 

C1611835 Specialist - 
NUCCProviderCodes 

Specialist 0.744 < 0.001 n=112 ( 32.75% ) n=1819 ( 15.73% ) 2.10 

C0023216 Lower Extremity Leg 0.744 < 0.001 n=436 ( 28.63% ) n=1495 ( 14.40% ) 2.10 

C0006107 Brain Concussion Concussion 0.743 < 0.001 n=46 ( 33.58% ) n=1885 ( 16.02% ) 2.10 

C0205195 Combined Combination 0.743 < 0.001 n=61 ( 33.70% ) n=1870 ( 15.95% ) 2.10 

C2348088 Degree Unit of Plane Angle deg 0.743 < 0.001 n=36 ( 33.64% ) n=1895 ( 16.06% ) 2.10 

C0279391 mercaptopurine/methotrexa
te/vincristine 

PIP 0.743 < 0.001 n=46 ( 33.58% ) n=1885 ( 16.02% ) 2.10 

C1272693 Ended - status Ended 0.742 < 0.001 n=53 ( 33.54% ) n=1878 ( 15.99% ) 2.10 

C1947959 Goes <invertebrate> Goes 0.740 < 0.001 n=1112 ( 23.20% ) n=819 ( 11.52% ) 2.10 

C0452505 Cracker crackers 0.739 < 0.001 n=54 ( 33.13% ) n=1877 ( 15.99% ) 2.09 

C0426359 Urinary symptoms Urinary symptoms 0.739 < 0.001 n=81 ( 33.33% ) n=1850 ( 15.86% ) 2.09 
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C0027855 Neurology speciality Neurology 0.738 < 0.001 n=66 ( 33.00% ) n=1865 ( 15.93% ) 2.09 

C0876928 questioning questioning 0.738 < 0.001 n=71 ( 33.18% ) n=1860 ( 15.91% ) 2.09 

C0444180 Urine specimen Urine sample 0.738 < 0.001 n=67 ( 33.33% ) n=1864 ( 15.93% ) 2.09 

C0687757 Legal fine fine 0.737 < 0.001 n=40 ( 33.33% ) n=1891 ( 16.05% ) 2.09 

C0521033 Fungal Fungal 0.737 < 0.001 n=49 ( 33.33% ) n=1882 ( 16.01% ) 2.09 

C0036849 Set (Psychology) Set 0.737 < 0.001 n=90 ( 32.97% ) n=1841 ( 15.83% ) 2.09 

C1883708 Then Then 0.737 < 0.001 n=1102 ( 23.23% ) n=829 ( 11.57% ) 2.09 

C0149871 Deep Vein Thrombosis DVT 0.736 < 0.001 n=59 ( 33.33% ) n=1872 ( 15.96% ) 2.09 

C0402499 Receptionist Receptionist 0.735 < 0.001 n=50 ( 33.11% ) n=1881 ( 16.00% ) 2.09 

C0725204 Attends (incontinence 
supplies) 

attends 0.735 < 0.001 n=313 ( 30.60% ) n=1618 ( 14.87% ) 2.09 

C1708728 Event Log Log 0.734 < 0.001 n=45 ( 32.61% ) n=1886 ( 16.03% ) 2.08 

C0180153 Covers (device) covers 0.734 < 0.001 n=41 ( 33.33% ) n=1890 ( 16.04% ) 2.08 

C0750546 newly newly 0.733 < 0.001 n=64 ( 32.65% ) n=1867 ( 15.94% ) 2.08 

C0439339 Unit per Liter U/L 0.733 < 0.001 n=68 ( 32.85% ) n=1863 ( 15.93% ) 2.08 

C0849355 Removed Out 0.733 < 0.001 n=794 ( 26.31% ) n=1137 ( 12.79% ) 2.08 

C0557698 Door Door 0.733 < 0.001 n=56 ( 32.94% ) n=1875 ( 15.98% ) 2.08 

C1512015 Doctor of Chiropractic D.C. 0.733 < 0.001 n=43 ( 33.08% ) n=1888 ( 16.03% ) 2.08 

C0038659 therapeutic suggestion Suggestion 0.732 < 0.001 n=151 ( 31.99% ) n=1780 ( 15.57% ) 2.08 

C0457933 Residential flat Flat 0.732 < 0.001 n=96 ( 32.65% ) n=1835 ( 15.80% ) 2.08 

C0016658 Fracture Fracture 0.731 < 0.001 n=165 ( 31.85% ) n=1766 ( 15.51% ) 2.08 

C1547301 Precaution Code - Confused Confused 0.731 < 0.001 n=68 ( 32.38% ) n=1863 ( 15.93% ) 2.08 

C0043251 Wounds and Injuries Trauma 0.730 < 0.001 n=143 ( 32.21% ) n=1788 ( 15.60% ) 2.08 

C1301808 Geographic state states 0.730 < 0.001 n=814 ( 25.54% ) n=1117 ( 12.81% ) 2.07 

C0870532 eye contact eye contact 0.729 < 0.001 n=106 ( 32.82% ) n=1825 ( 15.76% ) 2.07 

C1705492 Missing Missed 0.729 < 0.001 n=341 ( 30.47% ) n=1590 ( 14.74% ) 2.07 
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C0555903 Total protein measurement PROT 0.729 < 0.001 n=90 ( 32.97% ) n=1841 ( 15.83% ) 2.07 

C1631280 Quadrant Quadrant 0.729 < 0.001 n=79 ( 33.19% ) n=1852 ( 15.87% ) 2.07 

C0230442 Structure of right lower leg Right leg 0.728 < 0.001 n=50 ( 32.68% ) n=1881 ( 16.01% ) 2.07 

C0442822 trace amount Trace 0.728 < 0.001 n=71 ( 33.02% ) n=1860 ( 15.91% ) 2.07 

C0439617 Revision Redo 0.728 < 0.001 n=35 ( 33.33% ) n=1896 ( 16.07% ) 2.07 

C1548671 Not available Not available 0.727 < 0.001 n=80 ( 32.65% ) n=1851 ( 15.87% ) 2.07 

C0812371 Ortho- Ortho- 0.727 < 0.001 n=107 ( 32.04% ) n=1824 ( 15.76% ) 2.07 

C1272689 Started Started 0.725 < 0.001 n=1133 ( 23.13% ) n=798 ( 11.39% ) 2.06 

C0231467 Twisted Twisted 0.725 < 0.001 n=70 ( 32.71% ) n=1861 ( 15.92% ) 2.06 

C0085205 Telefacsimile Fax 0.724 < 0.001 n=1318 ( 20.72% ) n=613 ( 11.06% ) 2.06 

C0224234 Structure of deltoid muscle Deltoid 0.723 < 0.001 n=51 ( 32.90% ) n=1880 ( 16.00% ) 2.06 

C1882442 Precaution Precaution 0.723 < 0.001 n=43 ( 33.08% ) n=1888 ( 16.03% ) 2.06 

C0430404 Urine for culture Urine culture 0.722 < 0.001 n=38 ( 33.33% ) n=1893 ( 16.05% ) 2.06 

C0393005 chlorodihydroxypyridine/pot
assium oxonate/tegafur 

S-1 0.721 < 0.001 n=56 ( 32.75% ) n=1875 ( 15.98% ) 2.06 

C0004600 Back Back 0.721 < 0.001 n=281 ( 30.54% ) n=1650 ( 15.02% ) 2.06 

C2348575 Subject Age Subject Age 0.720 < 0.001 n=1305 ( 21.03% ) n=626 ( 10.98% ) 2.05 

C0750484 Confirmation Confirmation 0.718 < 0.001 n=211 ( 31.26% ) n=1720 ( 15.32% ) 2.05 

C1999244 Cover - action Cover 0.718 < 0.001 n=217 ( 31.22% ) n=1714 ( 15.29% ) 2.05 

C0337611 contact person Contact 0.716 < 0.001 n=205 ( 30.92% ) n=1726 ( 15.35% ) 2.05 

C1708320 Handle Handle 0.715 < 0.001 n=65 ( 32.66% ) n=1866 ( 15.94% ) 2.04 

C0230431 Structure of right knee Right knee 0.715 < 0.001 n=69 ( 32.09% ) n=1862 ( 15.93% ) 2.04 

C1442488 BASELINE BASELINE 0.715 < 0.001 n=52 ( 32.50% ) n=1879 ( 16.00% ) 2.04 

C0311392 Physical findings Sign 0.713 < 0.001 n=280 ( 30.40% ) n=1651 ( 15.03% ) 2.04 

C0019905 Honduras HN 0.712 < 0.001 n=1226 ( 21.61% ) n=705 ( 11.31% ) 2.04 

C1299581 Able (finding) Able 0.712 < 0.001 n=748 ( 25.82% ) n=1183 ( 13.13% ) 2.04 
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C0004381 Automobiles Car 0.712 < 0.001 n=148 ( 31.36% ) n=1783 ( 15.60% ) 2.04 

C0085631 Agitation Restless 0.712 < 0.001 n=110 ( 31.61% ) n=1821 ( 15.76% ) 2.04 

C0439751 Entire Entire 0.712 < 0.001 n=91 ( 32.27% ) n=1840 ( 15.83% ) 2.04 

C2362652 Possible diagnosis Possibly 0.712 < 0.001 n=200 ( 31.01% ) n=1731 ( 15.37% ) 2.04 

C0453399 Soup Soup 0.712 < 0.001 n=60 ( 31.75% ) n=1871 ( 15.97% ) 2.04 

C1272460 Not Applicable {NA} 0.711 < 0.001 n=54 ( 32.14% ) n=1877 ( 15.99% ) 2.04 

C0003419 Antipyretics antipyretic 0.711 < 0.001 n=47 ( 32.87% ) n=1884 ( 16.02% ) 2.04 

C0035561 Bone structure of rib Ribs 0.711 < 0.001 n=109 ( 31.69% ) n=1822 ( 15.76% ) 2.04 

C0443224 Fresh (qualifier value) Fresh 0.711 < 0.001 n=54 ( 32.14% ) n=1877 ( 15.99% ) 2.04 

C1446561 Concentration measurement Concentration 0.711 < 0.001 n=36 ( 33.03% ) n=1895 ( 16.06% ) 2.04 

C1546490 Patient request Patient request 0.711 < 0.001 n=45 ( 32.37% ) n=1886 ( 16.03% ) 2.04 

C1707710 Device Pickup PICKUP 0.710 < 0.001 n=59 ( 32.42% ) n=1872 ( 15.97% ) 2.03 

C0184666 Hospital admission admits 0.710 < 0.001 n=274 ( 29.88% ) n=1657 ( 15.08% ) 2.03 

C0369241 Filamentous fungus Mold, NOS 0.710 < 0.001 n=41 ( 32.80% ) n=1890 ( 16.04% ) 2.03 

C2349186 Fit (action) Fit 0.709 < 0.001 n=113 ( 31.83% ) n=1818 ( 15.74% ) 2.03 

C0681841 Explanation explanatory 0.709 < 0.001 n=44 ( 32.35% ) n=1887 ( 16.03% ) 2.03 

C0175659 Weight measurement scales Scale 0.708 < 0.001 n=39 ( 32.50% ) n=1892 ( 16.05% ) 2.03 

C0582175 Surgeon Surgeon 0.708 < 0.001 n=153 ( 30.91% ) n=1778 ( 15.58% ) 2.03 

C0163712 Relate - vinyl resin related 0.708 < 0.001 n=52 ( 32.50% ) n=1879 ( 16.00% ) 2.03 

C0205438 Fourth 4th 0.708 < 0.001 n=151 ( 31.46% ) n=1780 ( 15.58% ) 2.03 

C0230461 Structure of left foot Left foot 0.707 < 0.001 n=60 ( 32.09% ) n=1871 ( 15.97% ) 2.03 

C0392674 Exhaustion Exhaustion 0.707 < 0.001 n=87 ( 32.10% ) n=1844 ( 15.85% ) 2.03 

C0237753 Numbers Numbers 0.707 < 0.001 n=1282 ( 20.93% ) n=649 ( 11.23% ) 2.03 

C1657858 Syringe Caps CAP 0.707 < 0.001 n=43 ( 32.09% ) n=1888 ( 16.04% ) 2.03 

C0231452 Flexion Flexion 0.707 < 0.001 n=251 ( 30.20% ) n=1680 ( 15.17% ) 2.03 
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C1548792 Cool Cool 0.706 < 0.001 n=58 ( 32.58% ) n=1873 ( 15.97% ) 2.03 

C2347029 Biospecimen Type SPEC 0.706 < 0.001 n=61 ( 32.62% ) n=1870 ( 15.96% ) 2.03 

C0585085 Appointment date Appointment date 0.706 < 0.001 n=1273 ( 21.23% ) n=658 ( 11.14% ) 2.03 

C0205369 Specific qualifier value Specific 0.706 < 0.001 n=133 ( 31.52% ) n=1798 ( 15.66% ) 2.03 

C1709880 Referring Physician Referring Physician 0.706 < 0.001 n=1269 ( 21.26% ) n=662 ( 11.15% ) 2.03 

C1947906 Sorting Sort 0.705 < 0.001 n=61 ( 32.11% ) n=1870 ( 15.96% ) 2.02 

C0205540 Approved Approved 0.705 < 0.001 n=57 ( 31.67% ) n=1874 ( 15.98% ) 2.02 

C2709207 Rx therapy Rx 0.705 < 0.001 n=1153 ( 22.25% ) n=778 ( 11.57% ) 2.02 

C0470187 Availability of Available 0.705 < 0.001 n=1373 ( 20.52% ) n=558 ( 10.70% ) 2.02 

C1879533 Acceptable Acceptable 0.704 < 0.001 n=50 ( 31.25% ) n=1881 ( 16.02% ) 2.02 

C1265611 Quantity Amount 0.703 < 0.001 n=319 ( 29.70% ) n=1612 ( 14.88% ) 2.02 

C0013687 effusion effusion 0.703 < 0.001 n=147 ( 31.28% ) n=1784 ( 15.60% ) 2.02 

C2360554 Note:Finding:Point in 
time:{Setting}:Document:Pat
ient 

Patient Note 0.703 < 0.001 n=83 ( 32.17% ) n=1848 ( 15.87% ) 2.02 

C1537692 MIB1 gene DIP-1 0.703 < 0.001 n=74 ( 32.31% ) n=1857 ( 15.90% ) 2.02 

C0221193 Journalist Writer 0.703 < 0.001 n=114 ( 31.58% ) n=1817 ( 15.74% ) 2.02 

C0014544 Epilepsy Epilepsy 0.703 < 0.001 n=50 ( 32.26% ) n=1881 ( 16.01% ) 2.02 

C0412674 MRI of head MRI head 0.702 < 0.001 n=38 ( 32.20% ) n=1893 ( 16.06% ) 2.02 

C0205403 Extreme Extreme 0.702 < 0.001 n=99 ( 31.73% ) n=1832 ( 15.80% ) 2.02 

C1511253 Boost Boost 0.702 < 0.001 n=41 ( 31.06% ) n=1890 ( 16.05% ) 2.02 

C1707664 Delayed Release Dosage 
Form 

DR 0.701 < 0.001 n=1317 ( 20.81% ) n=614 ( 11.01% ) 2.02 

C0230370 Structure of right hand Right hand 0.701 < 0.001 n=43 ( 32.09% ) n=1888 ( 16.04% ) 2.02 

C2603361 P prime P' 0.701 < 0.001 n=309 ( 29.60% ) n=1622 ( 14.93% ) 2.02 

C0205169 Bad Bad 0.701 < 0.001 n=492 ( 27.73% ) n=1439 ( 14.20% ) 2.02 
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Concept ID 
(Other) 

Preferred Name Concept Name Beta Probability Inappropriate Use 
(with UMLS code) 

Inappropriate Use 
(without  UMLS code) 

Odds 
Ratio 

C0227791 Vaginal Discharge Vaginal Discharge 0.701 < 0.001 n=35 ( 33.02% ) n=1896 ( 16.07% ) 2.02 

C0871051 pay pay 0.700 < 0.001 n=165 ( 30.96% ) n=1766 ( 15.53% ) 2.01 

C0151315 Neck stiffness Stiff neck 0.699 < 0.001 n=48 ( 32.21% ) n=1883 ( 16.02% ) 2.01 

C0542277 Cleans drug injection 
equipment finding 

Cleans 0.699 < 0.001 n=71 ( 31.84% ) n=1860 ( 15.92% ) 2.01 

C1883357 Together Together 0.699 < 0.001 n=127 ( 31.51% ) n=1804 ( 15.68% ) 2.01 

C1552211 Maxillary right third molar 
mesial prosthesis 

1pm 0.699 < 0.001 n=51 ( 32.08% ) n=1880 ( 16.01% ) 2.01 

C0332324 Sensitive Sensitive 0.699 < 0.001 n=72 ( 32.14% ) n=1859 ( 15.91% ) 2.01 

C0871633 desires desire 0.698 < 0.001 n=69 ( 31.80% ) n=1862 ( 15.93% ) 2.01 

C0585030 Saturday Saturday 0.698 < 0.001 n=183 ( 30.91% ) n=1748 ( 15.45% ) 2.01 

C0870536 F-Test F-Test 0.698 < 0.001 n=96 ( 31.17% ) n=1835 ( 15.82% ) 2.01 

C0035253 Rest rested 0.698 < 0.001 n=358 ( 28.94% ) n=1573 ( 14.75% ) 2.01 

C0013103 Drainage procedure Drainage 0.697 < 0.001 n=54 ( 31.95% ) n=1877 ( 15.99% ) 2.01 

C0016928 Gait Gait 0.697 < 0.001 n=198 ( 30.28% ) n=1733 ( 15.40% ) 2.01 

C0036277 Bone structure of scapula Scapula 0.697 < 0.001 n=64 ( 31.84% ) n=1867 ( 15.95% ) 2.01 

C0205098 Medial Medial 0.695 < 0.001 n=215 ( 30.11% ) n=1716 ( 15.33% ) 2.00 

C0035868 Rotation Rotation 0.695 < 0.001 n=172 ( 30.55% ) n=1759 ( 15.51% ) 2.00 

C0442824 Very Very 0.695 < 0.001 n=1027 ( 23.42% ) n=904 ( 12.02% ) 2.00 

C0871703 Conversation Conversation 0.695 < 0.001 n=74 ( 31.49% ) n=1857 ( 15.91% ) 2.00 

C0015127 Etiology aspects cause 0.695 < 0.001 n=528 ( 25.77% ) n=1403 ( 14.23% ) 2.00 

C0332298 Controlled by controlling 0.694 < 0.001 n=59 ( 32.07% ) n=1872 ( 15.97% ) 2.00 

C1280541 Entire nerve Nerve 0.694 < 0.001 n=53 ( 31.74% ) n=1878 ( 16.00% ) 2.00 
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Appendix H – ‘RXNORM’ Codes (Drugs) 

 

The following UMLS concepts were associated with RXNORM database. The CPS 2010 was consulted (REF) to determine whether 

the drug was a therapeutic component of pain or depression treatment. 

Concept ID 
(RXNORM) 

Concept Name Inappropriate Use 
(with UMLS code) 

Inappropriate Use 
(without  UMLS code) 

Odds 
Ratio 

CPS Pain 
Medication 

CPS Mental 
Health 
Medication 

Infection or 
Anti-
Bacterial 

C1330606 Wellbutrin XL n=47 ( 49.47% ) n=1884 ( 15.95% ) 3.10  X  

C0060926 gabapentin n=54 ( 46.96% ) n=1877 ( 15.92% ) 3.01  X   

C0287163 Seroquel n=76 ( 43.68% ) n=1855 ( 15.81% ) 2.76  X  

C0086787 Percocet n=128 ( 39.26% ) n=1803 ( 15.57% ) 2.59 X    

C0009011 Clonazepam n=66 ( 40.24% ) n=1865 ( 15.88% ) 2.55  X  

C1996244 ll n=48 ( 40.00% ) n=1883 ( 15.98% ) 2.51    

C0043031 Warfarin n=43 ( 35.25% ) n=1888 ( 16.02% ) 2.34    

C0700017 Naprosyn n=111 ( 36.27% ) n=1820 ( 15.69% ) 2.33 X   

C0699595 Septra n=89 ( 36.63% ) n=1842 ( 15.79% ) 2.31   X  

C0282139 Colace n=47 ( 36.15% ) n=1884 ( 16.00% ) 2.29    

C1505021 Cymbalta n=50 ( 35.71% ) n=1881 ( 15.99% ) 2.25  X  

C0146226 Toradol n=67 ( 35.45% ) n=1864 ( 15.91% ) 2.23    

C0022957 Lactulose n=55 ( 35.26% ) n=1876 ( 15.97% ) 2.22    

C0001927 Salbutamol n=45 ( 35.16% ) n=1886 ( 16.01% ) 2.20    

C2351132 Acetaminophen #3 n=101 ( 33.89% ) n=1830 ( 15.77% ) 2.19 X   

C0720909 Hycodan n=42 ( 34.43% ) n=1889 ( 16.03% ) 2.16    

C0010137 Cortisone n=49 ( 34.03% ) n=1882 ( 16.00% ) 2.15    
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Concept ID 
(RXNORM) 

Concept Name Inappropriate Use 
(with UMLS code) 

Inappropriate Use 
(without  UMLS code) 

Odds 
Ratio 

CPS Pain 
Medication 

CPS Mental 
Health 
Medication 

Infection or 
Anti-
Bacterial 

C0085934 Wellbutrin n=94 ( 33.33% ) n=1837 ( 15.80% ) 2.11 X   

C0701042 Cipro n=179 ( 31.79% ) n=1752 ( 15.45% ) 2.11   X  

C0525726 Remeron n=36 ( 33.03% ) n=1895 ( 16.06% ) 2.07  X  

C0700517 Keflex n=182 ( 31.22% ) n=1749 ( 15.45% ) 2.04    

C0939301 Concerta n=42 ( 32.56% ) n=1889 ( 16.04% ) 2.03  X  X  

C0009214 Codeine n=57 ( 31.84% ) n=1874 ( 15.98% ) 2.01 X   
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Appendix I - Extraction Examples 

Concept Name Odds 
Ratio 

Examples from Original Text (entries from separate sources separated by ‘;’) 

Abdominal discomfort 2.77 Lower abdominal discomfort; recurrent dizziness and abdominal discomfort longstanding; 2 day 
history of LUQ abdominal discomfort – has stopped and now feeling ++ 

Abdominal Pain 2.41 abdominal pain – comes in waves; abdominal pain ++ - across abdomen, under ribs; ongoing 
abdominal pain  keeps her from eating; abdominal pain started after he had some pain and 
diarrhoea 

Abscess 2.14 Had problem last January which was clearly abscess which responded to ABx; painful to sit on 
abscess; problems with ?abscess in vagina ? ; ear scarring from a resolving cyst or abscess 

Bladder dysfunction 2.16 Refer to urologist it seems related to bladder dysfunction; past 4 days, no bowel bladder 
dysfunction, no leg weakness;  bowel active and no bladder dysfunction;  

body ache 2.02 Script given for body aches; no improvement in chronic pain ongoing body pain; fever not 
measured, some body aches and pains, runny nose; fever, body aches and cold sweats 

Bruising 2.23 See form, 3 cm bruise w puncture centrally voar; no bruising or discoloration; well hydrated, no 
scaling, no bruising 

Cellulitis 2.22 Skin loss, lateral aspect small toe, no cellulitis; two puncture wounds with surrounding cellulitis; 
tender olecranon bursa, no cellulitis; distal phalanx LD2, no evidence infxn or cellulitis; 

Chronic back pain 2.04 Lower back R side start yesterday. Different area than her chronic back pain; her dtr is in high 
school and her husband is at home with chronic back pain; Chronic back pain since vertebral 
compression 

Chronic pain 2.11 Chronic pain and mood disorders are improving; Stable chronic pain but suboptimal control of 
anxiety; prescribing for management of her depression and chronic pain 

Dizzy spells 2.22 Dizzy spells for past 10 days when lifts head up at work; Vague weak spells i.e. feels dizzy and 
weak; dizzy spells x 2 weeks, vomiting x 2 T 

Infected 2.33 Secondary bact infect reviewed; infected L toe, patient picks at it; Blister eventually broke and now 
area is infected;  

Ingrown toenail 2.59 Onychocryptosis (Ingrown) – No; Ingrown toenail x 2 needing to be checked 
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Concept Name Odds 
Ratio 

Examples from Original Text (entries from separate sources separated by ‘;’) 

Laceration 3.75 not returning to work while he recovers from his torn Achilles; 1999 OR-Remote T’A MVA 
Laceration L Kidney; cut her wrist a few weeks ago but notes a small lump now not particularly 
painful 0.5cm laceration 

Muscle tenderness 2.51 NAD tender Cx paraspinous muscles, decr ROM all fields; full ROM tender L paraspinal muscles; 
back – tender paraspinous muscles upper lumbar area flexion only 30 degrees 

Pain 2.32 Lump now not particularly painful; left check below breast aches and pains; pt here for f u abdo 
pain – see note. 

Paronychia 2.39 A - Paronychia – mild; paronychia most cuticle red and swollen;  

Severe pain 2.36 Tylenol prn, ER if severe pain, RTC Oct 2; severe pain left leg into buttocks; advil prn, must RTER if 
severe pain, many questions answered 

Shooting pain 2.59 Pt experiencing occasional shooting pains from cheeks up towards head; shooting pain in both 
legs, and lower back pain; pressure in her head, some shooting pains in her head as well 

Sinus pain 2.35 Would like cold to resolve, no sinus pain; has signs of bact component now w sinus pain; dk green 
sputum, sinus pain, teeth sore 

Smell 2.59 Different smell to her, smells like cheerios; foul smelling d/c, increasing pain and fever; States had 
some foul smelling drainage from site; 

Stomach pain 2.25 Does report stomach pains have gone away since starting rx;  

Vomiting 2.21 Nausea, vomiting, fever – went off OCP last month;  

Weak 2.33 drug has proven to be quite weak as a antihypertensive; thought he was getting better but still 
weak, tired and achey; lower back pain and sore throat. Very weak 

ADHD 2.31 ADHD? Anger issues; lots of ADHD features, she’s interesting in trying drug; She thinks she has 
ADHD and depression 

Anorexia 2.35 Flu-like symptoms, productive cough, anorexia, sore throat; Past Medical History: eating disorder 
anorexia / bulimia. 

Bipolar 2.43 Polysubstance abuse, consider bipolar as well; Family History: bipolar; upset because he said she’s 
got bipolar because she’s just like a lady’s daughter that he works with; Some bipolar symptoms, 
try new drug 
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Concept Name Odds 
Ratio 

Examples from Original Text (entries from separate sources separated by ‘;’) 

Cognitive 2.30 Short term anxiety, needs some cognitive rx;  prescribe cognitive testing / decr dose to 4mg; 
difficulty accepting that drug may have significant cognitive and developmental delays;  

Conflict 2.25 Conflict with family, needs to step back from childhood mother; situation where she had a conflict 
with a co-worker; impartial partner conflict plan discussed; Cancelled appointment due to a work 
conflict; 

Confusion 2.34 Call from pharmacy, confusion whether to discharge Rx; all meds brought in and confusion over 
the diamicron; fairly frequent hypoglycemic episodes yet w confusion and stupor; stroke on wknd. 
had headache, dizziness, confusion, cannot walk . 

feel 2.22 Lipids improved and feels well; feels fatigued but walks routinely; pt states she feels good with no 
side effects; overall pt feels better re pain 

Hallucinations 2.29 Friends say he’s been having some hallucinations; not anto-psychotic – no hallucinations, no 
grandiosity; will stay on same meds as still experiencing hallucinations; 

Suicide 2.11  

Abuse 2.50 Abuses tobacco and ETHO; patient then revealed she is continuing to abuse laxatives; She states 
the abuse was never directed at the children; Observation: depression and substance abuse; 

addictions 2.44 Concerned about her mother having an addiction to Oxycotin; using Tyl #2 to relieve pain but 
doesn’t redose re concerned: addiction; Started on methadone treatment after addictions to 
oxycotin; I have never treated him for addiction issues; 

Assault 2.88 This dtr was assaulted by her fiancé and the fiancé has gone to jail; sexually assaulted, long 
discussion and support counselling; pt reports that neighbour assaulted her with a hose outside the 
apartment 

Crisis 2.25 Provided pt with crisis line; referred to woman situational crisis plan; go to er if in crisis or suicidal; 
Seen today with a family crisis. 

culture 2.68 Being treated for strep - culture pending; that the culture results do show; if burning improves, get 
culture; culture today shows that it is caused by fungus 

Disability 2.55 Increasing pain and disability; short term disability for recent dental surgery; drop off forms for 
temporary disability; 
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Concept Name Odds 
Ratio 

Examples from Original Text (entries from separate sources separated by ‘;’) 

Family Member 2.33 Family member to call backkmf; they are wondering if patient has a family member that has been 
seen; Asked pt to bring every family member’s UHIP card; unable to assess any decline without 
presence of a family member; 

fight 2.91 This has been an awful month fighting with her boyfriend; getting into fights with him daily; told 
she was bipolar after a fight with her mother 

Housing 2.89 Housing: client resides in original home; patient came in to have housing forms completed; 
problems with housing as she can’t sell house 

Mobility 2.68 Mobility issues if he’s very ill; chronic ongoing symptoms decreased mobility, need to pace self 
with activity disturbance due to pain; Barriers to healthy eating: mobility 

Mono language 2.39 Normalized after the mono; Epigastrict pain + fatique NYD. R o mono, R o H. Pylori; viral illness? 
mono? 

Police 2.63 Hockey player, taking police foundations; she got worried and called the police etc. etc.; had to call 
the police to the home on the weekend – was arrested 

Poor (poverty) 2.22 Self-esteem has been very poor, very negative, easily irritated; macular degeneration, poor 
eyesight; Generally sleep poor, mood up; personal hygiene is poor 

Psych (e.g. psychiatric 
problem) 

2.42 Has had many psych meds over the years without any success; needs a psych review for anxiety 
and depression; vertigo NYD, likely psychological;  

 


