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In this work, using a multi-domain framework and robust machine learning techniques, I 

examined the prediction of RA diagnosis, the clinical consequences of RA, and underlying 

heterogeneity within RA population. A large database from Florida statewide inpatient, 

outpatient and emergency data of the HCUP was used. 

In Chapter 1, prediction models for RA was built with multiple information domains 

using a collection of statistical and machine learning models with feature selections. I compared 

the performances of different models in 10-fold cross-validation setting. The final model from 

this chapter showed a fair performance at the optimal cut point. In terms of the discriminative 

power of individual domain, model using social-ecological domain had the best performance, 

followed by clinical diagnosis, demographic, and clinical procedures. Several predictive factors 

for RA was also identified. 

In Chapter 2, I used a matched case-control study design to explore the clinical 

consequences of RA. Multivariable logistic regression was used and a combination of different 

measurements was used to assess the impacts of RA on these clinical conditions. several clinical 

conditions were identified to be positively associated with RA at significant level of 0.05 

(adjusted p-value). This is a comprehensive analysis on RA and risks of clinical comorbidities. 
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The results suggest that RA may result in severe physical burdens. The findings from this chapter 

could guide further personalized management of RA patients to reduce their physical burden and 

improve overall wellbeing. 

In Chapter 3, I examined the patterns of other rheumatic diseases in patients who have 

RA. The patient population were clustered into groups based on their status of other rheumatic 

diseases. Several unsupervised learning techniques were used. Some interesting patterns of how 

the rheumatic diseases may be related with each other were identified. As for patient clustering, a 

total of five classes of patients were identified, including one group of disease-free patients, two 

groups of patients with certain rheumatic diseases, and two groups of patients with all rheumatic 

diseases at different frequencies. The results from this chapter suggests that RA patients can be 

grouped based on their rheumatic diseases. These groups may be the results of disease 

progression and accumulation and may be associated with the presented phenotypes of RA 

patients. 

 



 

14 

CHAPTER 1 

BACKGROUND 

Epidemiology of Rheumatoid Arthritis 

Rheumatoid arthritis (RA) is a disease with shadowy etiology that carries a substantial 

healthcare burden and impairment in quality of life. It affects about 1% of adults in the U.S. each 

year 1. The therapeutics of RA is limited to relieve symptoms and reduce long-term implications. 

The chemotherapy (such as methotrexate and biologics) used for RA treatment usually have 

serious side effects and suppression of the immune system, leading to multiple morbidities. The 

typical symptoms of RA usually include warm, swollen, and painful joints, but it could also 

affect other parts of the body, for example low red blood cell count, inflammation around the 

lungs and/or heart 1. For most of the cases, the symptoms of RA are very similar to other 

rheumatic diseases (RD) or other inflammatory arthritis (e.g. psoriatic arthritis, ankylosing 

spondylitis etc.), therefore early diagnosis of RA is important for effective and targeted 

treatment. The diagnostic criteria have changed sensibly in the past 30 years with the latest 

guideline established in 2010. The 2010 classification criteria 2 use a classification criterion with 

both objective exams (e.g. symptoms, duration) and serological parameters, to identify patients 

with a high likelihood of developing a chronic form of RA. Although the latest guidelines have 

put more emphasis on biomarkers such as anti-cyclic citrullinated peptides (anti-CCP) test, the 

sensitivity of these biomarkers is still low, and performance is often measured in a selected 

population (e.g. those with current symptoms of arthritis). The sensitivity and specificity 

traditionally-used rheumatoid factor (RF) testing were around 70% and 80%, while the newer 

anti-CCP testing for the diagnosis RA showed a high specificity (~90%) but low sensitivity 

(~60%) 2–4. Diagnostic tools that can improve both sensitivity and specificity is needed 5. 

Therefore, there is a need of development of better diagnostic tool to distinguish RA from other 
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rheumatoid conditions and inflammatory arthritis, and to find better way to identify discrete 

subsets of RA to guide treatment and stratified medicine. In addition, as an etiologically complex 

disease, many risk factors of RA remain unclear whether or how they contribute to the 

development of RA, some factors such as gender, autoantibodies, smoking and genetic variants, 

have been demonstrated to be associated with RA repeatedly, but other factors (such as 

infections, different comorbidities, environments) have shown inconsistent findings 6–9. One of 

the strongest risk factors for RA is racial/ethnic group. Previous studies have reported that 

Mexican American, Hispanic white or other Hispanic ethnicity (reference, non-Hispanic white; 

OR = 0.54, 95% CI [0.31-0.96], P = 0.036) have lower risk of having RA 6. The race and ethic 

disparity not only affected the risk of RA, but also resulted in different management and 

outcomes in RA patients 10,11. There are many genetic and environmental factors playing roles in 

the development of RA. The human leukocyte antigen (HLA) locus have been demonstrated to 

be the most important genetic risk factor for RA 12, results from twin studies showed that genetic 

factors have an important impact on susceptibility to RA with an estimated contribution to RA 

ranging from 50% to 60% 12. Environmental and lifestyle factors such as smoking, history of live 

births, obesity and diet have all been linked to increased risk of RA 8. In addition, recent 

researches using DNA sequence-based analyses suggests that gut microbial and infection may 

also affect the development and progression of RA 13. In this work, I will use a large state-wide 

inpatient data set to develop a risk prediction model for RA using a multiple domains approach. 

The domains that I am planning to examine include demographics, clinical variables (from 

medical history) and social-ecological variables, the goal is to improve the accuracy of RA 

prediction by incorporating information from different domains and identify potential new risk 
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factors, this approach also allows us to understand the contribution of RA occurrence from these 

different domains.  

In addition to its similarity with other rheumatoid diseases, RA itself is a heterogenous 

condition, the RA patient population can be divided into different sub groups based on different 

criteria. For example, based on the presence of anti-CCP in blood test results, two phenotypes 

can be defined: seropositive and seronegative, and it is estimated that 60 to 80% of RA patients 

are seropositive 14. Another common classification is based on whether a patient possesses the 

RF, which is another antibody that is used to determine the presence of RA, and patients can be 

classified as RF-positive or RF-negative. It is reported that different subtype may be associated 

with different health conditions, for example, previous study showed that RF-negative subtype 

patients reported more time with depression, a longer diagnostic delay and greater emotional 

expression although the differences were not statistically significant 15. The main problem with 

these classification approaches are the subtypes has no or little direct relationship to the disease 

process, therefore a new subtype classification approach is needed based on distinct functional or 

pathobiological mechanism of RA. In addition, the classification criteria of RA may introduce 

heterogeneity as well. Under the latest guideline, if a patient has synovitis in at least 1 joint 

without an alternative diagnosis, and achieve of a total score of 6 of more (of a possible 10) from 

4 categories, this patient will be diagnosed with RA. The 4 categories are: (1) number and site of 

involved joints (score range 0–5); (2) serologic abnormality (score range 0–3); (3) elevated 

acute-phase response (score range 0–1); (4) symptom duration (2 levels; range 0–1) 16. As the 

result, one patient may have higher score is category (1) but low scores in other categories, while 

another patient may have different scoring patterns. In this work, I will cluster different clinical 
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conditions and other features of RA patients aiming to identify the underlying patterns and 

connections between these clusters. 

Research Gap and Significance 

The current differential diagnosis of RA is problematic: the sensitivity and specificity of 

diagnostic testing is insufficient: sensitivity and specificity of traditionally-used rheumatoid RF 

testing were around 70% and 80%, while the recently developed anti-CCP testing showed a high 

specificity (~90%) but low sensitivity (~60%) 2,3,14. Diagnostic tools that can improve both 

sensitivity and specificity is needed.  

RA is now usually classified by the patients’ responses to specific test (RF test or anti-

CCP test), if the patient tests positive for rheumatoid factor and/or anti-CPP antibodies, then the 

patient is classified as “seropositive”. However, such classification does not have any underlying 

mechanism, a “seronegative” individual may still display strong symptoms indicative of RA, and 

their negative test results may be resulted from the fact that the patients possess very low levels 

of the antibodies. Therefore, discovery of endotypes in the heterogenous RA patient population 

is important. 

An endotype is a subtype of a condition or disease that is defined by a distinct functional 

or pathobiological mechanism 17,18. Patients who have the same endotype usually share a similar 

disease process. The key to the concept of endotype is that the endotypes are classified by 

underlying disease mechanisms, while in contrast, the concept of phenotype focuses solely on 

observable characteristics or traits of a disease, such as morphology, development, biochemical 

or physiological properties, or behavior, without any implication of a mechanism. Due to the 

heterogeneity in RA patients, the responses to therapies varies in patients as well, as 

demonstrated from previous studies. The most commonly used treatment, or the most often 

initiated treatment is methotrexate (MTX) therapy or other disease-modifying antirheumatic 
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drugs (DMARDs) in combination with corticosteroids, and if DMARD fails, additional treatment 

with different targets may be used 16,19,20. The performance of biologic agents is evaluated by the 

same level of improvement in disease activity based on criteria established by the American 

College of Rheumatology (ACR) defining 20% (ACR20), 50% (ACR50), and 70% (ACR70) 

improvement. The approximate response rates in randomized controlled studies of patients who 

have failed DMARD therapy have typically been 50 to 65% for the ACR20, 20 to 45% for the 

ACR50, and 10 to 25% for the ACR70 13,20. These data suggesting the existence of heterogeneity 

in treatment response. This highlights the need of discovery RA endotypes as it would provide 

insights on how to optimize treatment options for each patient based on their endotypes and 

underlying disease process. Karsdal et al. 5 highlighted the need of endotype discovery and 

precision medicine approach in clinical management of RA. Figure 1-1 shows a schematic 

overview to illustrate that different endotype of RA patient exist that to some extent overlap, but 

only though targeting of the right subpopulation the most optimal cost-benefit ratio may be 

achieved 5. Panel A shows that patients with different unidentified RA endotypes, which consist 

of different molecular and clinical features, will respond differentially to therapies, but there may 

be overlapping, therefore, a general “one-fits-all” treatment may only work in a small proportion 

of the whole patient population, as the treatment is not currently targeted by endotype. In panel 

B, with the identification of RA endotypes, patient can have personalized health care that targets 

a given endotype, and it will result a greater potential to respond to the specific therapy.  
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Figure 1-1. A schematic overview to illustrate the different endotype of RA patient and their 

overlap, and how endotype can facilitate treatment outcome 

Multi-domain Approach and Theoretical Framework 

One important aspect of this dissertation work focuses on the development of 

personalized medicine models by exploiting big data sets with information from multiple 

domains. This approach requires the integration of multi-source data and the use of a wide range 

of big data analytics techniques. The rationale is that an approach incorporating information from 

multiple domains (such as such as demographic, clinical, environmental, genetic, social media 

updates) could significantly improve the predictivity of disease occurrence and prognostic 

outcomes, and by examining a large volume of variables from difference domains, new 

predictors and risk factors will also be identified, thus provide insights on mechanisms of the 

disease.  

For my PhD dissertation, I will focus on the utilization of information from demographic, 

clinical and environmental domains. Figure 1-2 depicts the theoretical framework of my 

dissertation work. 
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Figure 1-2 Theoretical framework 

Utility of Machine Learning in Disease Risk Prediction 

Risk prediction of diseases is complex because the etiological mechanisms of many 

diseases are complex, the amounts of risk factors and their corresponding associations vary, and 

these risk factors sometimes may interact with each other. Therefore, the development of risk 

prediction model for disease diagnosis usually requires the simultaneous consideration of tens or 

hundreds of variables to produce an accurate classification. Machine learning is a potentially 

effective approach for the development of risk predictions especially for complex diseases as 

machine learning has the ability of processing large amount of information, and is capable of 

derive non-linear models, which may reflect the distribution of risk factors better than traditional 

linear models.  

Some advantages of machine learning algorithms over traditional statistical approaches 

for the development of prediction models are: First, as the name suggested, machine learning 

methods determine the most effective algorithm on its own by processing through many 
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iterations and learns the best set of operations and variables for data classification, rather than 

pre-determined by researchers. For example, most traditional statistical methods require the 

research specify what variables need to be included in the model, while with machine learning 

methods, we can input all variables that are potentially related with the outcome of interests, and 

the machine will select the most influential ones. These features of machine learning could 

improve predictivity, identify previously unknown predictors, and minimize potential bias from 

researchers’ previous knowledge. However, it is critical to have a good study design when using 

machine learning techniques, as biases and other errors may be picked up in the models rather 

than “true associations” with machine learning models. Therefore, a good comparison group and 

reasonable inclusion and exclusion criteria are needed. In addition, machine learning algorithms 

can take complex combinations of variables into consideration, such as interactions between 

variables. Machine learning approaches are also capable of processing high dimensional data. 

Compared to traditional approaches, machine learning approaches are generally more resistant 

against “overfitting” when dealing with large data set by incorporating strategies of preventing 

overfitting or optimism etc. There are a wide range of machine learning algorithms, and for risk 

diagnosis, supervised learning algorithms are the most suited, as I aim to predict a definitive 

outcome (whether the subject will have the disease or not), and prediction models are developed 

based on both input and output data. Some commonly used supervised machine learning 

algorithms include decision tree, random forest, and rule learning algorithms etc. In contrast to 

supervised learning, the unsupervised learning is used to group or cluster the input data, such as 

Expectation-Maximization (EM) clustering or nearest-neighbor methods, in which we aim to 

examine the patterns of input data 21,22. In this dissertation work, supervised machine learning 

algorithms will be used to develop the predictive models for RA diagnosis in aim 1, while 
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unsupervised machine learning algorithms will be used to examine the patterns of rheumatic 

diseases in RA patients in aim 3. 

When using machine learning techniques, one important issue is the choice of black box 

vs white model 23. Black box technique means that the workflow of the algorithm is somewhat 

“invisible” or very difficult to interpret; while the white box technique refers to approaches that 

have high interpretability. For example, the decision tree is a white box approach because the 

node/split of the tree is visible, one can easily identify what variables are included in the 

prediction model and what roles they are playing 24,25. Deep learning or neural network, on the 

other hand, are black box approaches as it contains multiple hidden layers, and we cannot 

identify what variables are used in the model and how to interpret its inner workings 26,27. In 

theory, given sufficient volume of data, the flexibility and complexity of deep learning models 

and other black box models usually enable them to outperform other machine learning models 

most of the time. From a computational point of view, the drive force of selecting the “best” 

model should be the overall performance. For example, if a black box ensures an 10% increase in 

performance (in terms of AUROC, sensitivity, and/or specificity) over a white-box method, and 

if this increase is clinically relevant, then the black box will be our choice. However, in addition 

to the prediction performance, epidemiologist and clinicians, are also interested in the 

interpretation of the prediction model, because from the prediction model we can identify new 

risk factors, and ultimately help better understanding the etiology and risk factors of a disease 

and the biological mechanism behind the disease occurrence. Therefore, when in the model 

performances from black box and white box are comparable, the white box is a preferable 

alternative. For example, in a study conducted by Fraccaro et al. 28, several black box and white 

box models predicting age-related macular were developed and compared. In their study, the 
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more complex black box methods (random forest) yielded an average of 92% of AUROC while 

some more interpretable white box methods such as decision tree had a comparable performance 

(90% AUROC). As the result, the decision tree was selected as one of their final models as its 

combined interpretability and performance, the tree diagram can be easily followed by a clinician 

during the diagnostic process. 

Research Objectives 

In my dissertation work, I will focus on (1) to increase predictivity of RA diagnosis and 

better distinguish RA from other rheumatoid conditions or conditions with similar symptoms; 

and (2) to examine the underlying heterogeneity within RA population and lay a foundation for 

future RA endotype discovery. The success of this work will provide useful prognostic 

information and further the understanding of RA pathogenesis, identify under-testing or other 

missed opportunities in rheumatology healthcare.  

The specific aims I am proposing are as follows: 

Aim 1: to develop a multi-domain precision models/scores for rheumatoid arthritis (RA) 

using demographic, clinical information and environmental data. I will develop a diagnostic 

algorithm based on individual-level information domains (including demographics and clinical 

comorbidities), combining with environmental data (e.g. socioeconomic level, pollution)  

The hypothesis is that an approach incorporating demographic, clinical characteristics 

and additional environmental data would improve the predictivity of a RA prediction model, 

leading to earlier diagnosis.  

Aim 2: to explore medical consequences (clinical diagnosis) associated with RA 

This is an exploratory analysis: the goal is to explore what health conditions may be 

consequences of having RA, this will provide information on clinical management of RA 

patients 
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Aim 3: to identify subtypes in RA population with putatively different clusters of other 

rheumatoid conditions.  

The hypothesis is that RA is a progressive and accumulative progress of multiple other 

rheumatoid conditions, and that subtypes of RA can be defined by distinct functional or 

pathophysiological mechanism, and in this case, how these rheumatoid conditions cluster. 

Data source 

To accomplish these aims, the Florida statewide database from the Health Cost and 

Utilization Project (HCUP) was used 29. HCUP is a family of health care databases and related 

software tools and products developed through a Federal-State-Industry partnership and 

sponsored by the Agency for Healthcare Research and Quality. The HCUP’s Inpatient Databases 

(SID), State Ambulatory Surgery and Services Databases (SASD), and State Emergency 

Department Databases (SEDD) for the state of Florida, USA, between 2005 and 2014 (inclusive) 

were purchased after completion of required trainings and data use agreement. SID, SASD and 

SEDD contains anonymized, inpatient, outpatient, and emergency room visits data, with 

patients’ demographics, residence (five-digit US zip-codes), insurance status, hospital 

information, diagnoses, and procedures billed (encoded through the International Classification 

of Diseases, 9th revision (ICD-9) ontology) 30. HCUP contains a unique patient code (de-

identified) longitudinally across multiple visits (“VisitLink”), and this was used to index 

individual patients and link data longitudinally in this study. The HCUP databases did not 

contain laboratory or pharmacy data. 

I use 10 years (2005-2014) of Florida SID for this work, I chose this time period for 2 

reasons: first, the encrypted person identifier was only available after 2005, the inclusion of this 

variable provides the opportunity of linking each individual’s hospital visits across the years, so 

that each individual would have complete medical records during this period; second, ICD-10 



 

25 

ontology was implemented in HCUP starting from 2015, to avoid the heterogeneity and potential 

errors in recoding, only data that are encoded with ICD-9 ontology were used.  

The observational unit of this work was the single patient aged 18 years or older. We 

designed a case-risk-control study by grouping patients who had a diagnosis of RA and patients 

who had a diagnosis of RD. RA and RD was defined as a twice-confirmed diagnostic code. A 

twice-confirmed diagnosis of RA/RD was chosen to increase specificity in absence of codes for 

the ordering of related tests and prescriptions. The baseline time for RA and RD patients was the 

first RA or RD diagnosis date. Other study inclusion criteria were: non-missing age, gender or 

race/ethnicity, availability of zip-code, and medical records for at least five years before 

diagnosis year.  

In addition to variables in HCUP, a set of sociodemographic and environmental (“social-

ecological”) indices were obtained from the American Community Survey (n=65 indices, 

including education, income, poverty, foreign-born) 31 and U.S. Environmental Protection 

Agency (n=8 air quality indices, including median Air Quality Index, atmospheric levels of 

particulate matter 2.5, particulate matter 10, sulfur dioxide, nitrogen dioxide, ozone, and carbon 

monoxide) 32 corresponding to the zip-code of residence. Since patients usually had more than 

one visit and possibly more than one residence over the study period, the zip-code most 

frequently reported prior to baseline was used. All statistical analysis was conducted at the zip-

code level, but results were also aggregated by county. Social-ecological indices were extracted 

from aforementioned sources for every year (2005-2014) and matched to patient zip-codes by 

year of diagnosis. Missing values in the social-ecological indices were imputed.  

Figure 1-3 displays the sample population and study flow used in each of the three aims. 

From the Florida SID, SASD, and SEDD, patients’ clinical diagnosis, procedures, and 
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demographic variables were extracted. External social-ecological variables from ACS and EPA 

database were then linked with individual level data using zip code. With this sample population, 

we used the National Arthritis Data Workgroup definition of arthritis and other rheumatic 

diseases with ICD-9 codes to further separate the patients into RA and RD groups. Those whose 

first RA/RD diagnosis made before 2010 were excluded, and those who have less than 5 years of 

medical history were also excluded. The case-control designed was used for Aim 1 and 2. As for 

Aim 3, only patients with RA were used. 

Figure 1-3 Flow chart of study population selection and inclusion criteria for each aim 
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CHAPTER 2 

PREDICTING THE RISK OF RHEUMATOID ARTHRITIS IN AT-RISK POPULATION 

USING DEMOGRAPHIC, CLINICAL, AND SOCIO-ECOLOGICAL DOMAINS 

Introduction 

Rheumatoid arthritis (RA) is a disease with shadowy etiology carrying a substantial 

healthcare burden and impairment in quality of life. A recent analysis suggested that the overall 

age-adjusted prevalence of RA ranged from 0.53 to 0.55% in 2014 and the age-adjusted 

prevalence has been steadily increased in the past decade 33. RA is usually characterized by 

painful and swollen joints, it can cause extra-articular molestation such as anemia, interstitial 

ling diseases, vasculitis, etc. 34. The symptoms of RA are very similar to other rheumatic diseases 

(RD) and distinguishing patients with RA from patients with other RDs is important for effective 

and targeted treatment. The current diagnosis of rheumatoid arthritis (RA) remains challenging; 

commercially available biomarkers are imperfect, for example, the sensitivity and specificity of 

traditionally-used rheumatoid factor (RF) test is less than 80% while the anti-cyclic citrullinated 

peptide (anti-CCP) test showed a high specificity (~90%) but low sensitivity (~60%) 3,14.  

In addition, the etiology of RA remains poorly understood and it is still unclear how 

many of the previously postulated risk factors for RA contribute to the development of the 

disease. Some factors such as gender, smoking, and genetic variants have been demonstrated to 

be associated with RA repeatedly 6,34,35, but these factors can only partially explain individual 

risk for RA. There are other factors or conditions (including infections, other comorbidities such 

as depression, environmental exposure, weather) that have shown inconsistent findings 36–38. 

In this study, we use a large state-wide electronic health record data set to develop a risk 

prediction model for RA using a multiple domains approach. The goal is to improve the accuracy 

of RA prediction by incorporating information from different domains and identify clinical 
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comorbidities associated with development of RA including prodromal and concurrent 

comorbidities. 

Methods 

This study has been approved by the University of Florida’s institutional review board 

with protocol no. IRB201701906 as exempt.  

Study Population 

The Healthcare Cost and Utilization Project (HCUP)’s State Inpatient Databases (SID), 

State Ambulatory Surgery and Services Databases (SASD), and State Emergency Department 

Databases (SEDD) for the state of Florida, USA, between 2005 and 2014 (inclusive) were used 

29,39. The SID, SASD and SEDD contains anonymized, longitudinally linked inpatient, outpatient 

and emergency room visits data, with patients’ demographics, zip-codes, insurance status, 

hospital information, diagnoses, and procedures billed from each of their visits. The diagnoses 

and procedures were classified using the International Classification of Diseases version 9 (ICD-

9) ontology. The observational unit of our study was single patient with a diagnosis of RA or 

RD. The definitions of cases and controls are adapted from National Arthritis Data Workgroup 

(NADW) definition of arthritis and other rheumatic conditions using a set of ICD-9 codes, the 

diagnosis of RA or RD are considered as confirmed when their corresponding diagnostic code 

were recorded twice in two distinct visits. To be specific, RA is defined as diagnostic code ICD9 

714.0, and RD patients are patients who were diagnosed with all the other rheumatic diseases 

(RD) from the NADW list (include 710, 711, 712, 713, 715, 716, 719, 720, 721, 725, 726, 727, 

728, 729.0, 729.1, 729.4, 095.6, 095.7, 098.5, 099.3, 136.1, 274, 277.2, 287.0, 344.6, 353.0, 

354.0, 355.5, 357.1, 390, 391, 437.4, 443.0, 446, 447.6, 696.0). Because the changes of diagnosis 

guideline in 2010, patients who had RA or RD diagnosed before 2010 were excluded. Other 
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inclusion criteria were age of 18 or older at baseline and availability of medical records prior to 

baseline for at least five years from diagnosis.  

Predictors 

To each patient we associated all of their previous diagnoses and procedures using three-

digit ICD-9 codes , Charlson’s comorbidity index (CCI, calculated using Deyo’s formula with 

ICD-9 codes) 40,41 10, and a set of social-ecological variables obtained from the American 

Community Survey 31 (n=65, including education, income, poverty, foreign-born) and U.S. 

Environmental Protection Agency 32 (n=18 air quality indices). The social-ecological variables 

were linked with individual level data using zip code. Because patients usually had more than 

one visit and possibly more than one residence over the study period, the zip code most 

frequently reported prior to diagnosis was used as patients’ zip code. The social-ecological 

variables were extracted for every year (2005-2014) from ACS and EPA dataset and were 

matched to patient zip codes and year of diagnosis. The diagnostic codes and procedures that 

occurred in less than 1% the RA group were removed. Missing values in social-ecological 

domain were imputed via population median/mode. 

Statistical Analysis 

To identify demographic, clinical and socio-ecological predictors of RA, we first used 

univariate analysis to assess the distribution of the predictors in RA and RD using Student’s t-

test, Wilcoxon rank test, or chi-square test, where appropriate, p-values were adjusted using 

Bonferroni correction. 

We then fitted a collection of multivariable models with different techniques using 

predictors from all input domains. To be specific, we evaluated the following models: (a) a 

decision tree 42; (b) LogitBoost algorithm in conjunction to logistic regression 43; (c) a random 

forest (optimizing number of trees up to 1,000) 44; (d) one rule 45. Model comparison, evaluation, 
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and selection were carried out using a 10-fold cross-validation framework, and the performance 

and discriminative ability of models was assessed using sensitivity (true positive rate), specificity 

(true negative rate), and the area under the receiver operating characteristic (AUROC), the 

optimal sensitivity/specificity cutoff was determined by Youden’s J statistic 46. 

To analyze and compare the importance of each domain, we fitted the algorithm with best 

performance and interpretability with each information domain included in our analysis. These 

individual domains are: (1) demographic variables; (2) clinical diagnosis; (3) procedures 

conducted; (4) social-ecological variables and (5) all variables available. The performances of 

models using different information domains were accessed using sensitivity, specificity and 

AUROC under a 10-fold cross-validation setting. All statistical analyses were conducted using R 

and Weka ver. 3.9. 

Results 

The 2005-2014 HCUP SID/SASD/SEDD contained a total of 21,091,289 patients after data 

merge and cleaning. There were 145,512 patients meeting the inclusion criteria (first baseline 

year in 2010), of which 20,351 were diagnosed with RA (confirmed) and 125,161 with 

confirmed RD. Table 2-1 shows the population characteristics of RA and RD group. There was a 

higher proportion of females and White ethnicity in the RA group compared to the RD 

population. The RA group also had higher median age (61 years old) and higher median CCI (1) 

than the RD group (median age 55 and median CCI 0).  

Table 2-1. Population characteristics of the study population 
 RA RD 

Total N 20351 125161 

Female N (%) 15533 (76.3) 72746 (58.1) 

Race White N (%) 15012 (73.4) 81335 (65.0) 

Race African American N (%) 2755 (13.5) 25243 (20.2) 

Ethnicity Hispanic N (%) 2145 (10.5) 14922 (11.9) 

Race Asian or Pacific Islander N (%) 105 (0.5) 796 (0.6) 
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 RA RD 

Race Native American N (%) 15 (0.07) 129 (0.1) 

Race Other N (%) 320 (1.6) 2736 (2.2) 

Age median (interquartile range, IQR) 61 (47, 72) 55 (41, 67) 

Year of RA/RD diagnosis (or baseline) median (IQR) 2012 (2011, 2013) 2012 (2011, 2013) 

Years of prior medical history median (IQR) 6 (5, 7) 7 (5, 8) 

Charlson’s comorbidity index median (IQR) 1 (0, 2) 0 (0, 2) 

 

A total of 377 three-digit ICD-9 diagnostic codes and 108 procedure codes were identified after 

the removal of codes with low frequencies. We preformed univariate analysis of variables from 

diagnosis, procedures and socio-ecological domains comparing RA with RD. Table 2-2 displays 

frequencies of the top 10 variables from diagnosis, procedure and socio-ecological domains. All 

variables had Bonferroni-adjusted p-value below 0.05. Higher prevalence of different infections, 

anemia, osteoporosis, asthma and pain were observed in the RA group. There were also 

differences in the procedures performed in each group. Interestingly, a number of social-

ecological variables were found to be different in the two groups. The RA group had a higher 

value of deprivation index and lower income, while the RD group had higher values in several 

different air quality measures.  

Table 2-2. Top-10 (where applicable) most important variables in each domain, variable sorted 

by Chi-square value 

variables 
RA RD 

n (%) 

Diagnosis (ICD-9 codes)   

Postinflammatory pulmonary fibrosis (515) 439 (7.5) 6068 (2.6) 

Osteoporosis (733.0) 1269 (21.8) 30089 (12.7) 

Candidiasis (112) 700 (12.0) 14953 (6.3) 

Urinary tract infection, site not specified (599.0) 2346 (40.3) 71762 (30.2) 

Pneumonia, organism unspecified (486) 1654 (28.4) 47198 (19.9) 

Pain not elsewhere classified (338) 1379 (23.7) 38045 (16.0) 

Anemia, unspecified (285.9) 2414 (41.5) 75999 (32.0) 

Disorders of fluid, electrolyte, and acid-base balance (276) 3677 (63.2) 126517 (53.2) 

Anemia in chronic illness (285.2) 845 (14.5) 21115 (8.9) 

Asthma (493) 1433 (24.6) 41105 (17.3) 
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variables 
RA RD 

n (%) 

Procedures (ICD-9 codes)   

Esophagogastroduodenoscopy [Egd] With Closed Biopsy (45.16) 5110 (25.1) 22332 (17.8) 

Transfusion of Packed Cells (99.04) 2389 (11.7) 10254 (8.2) 

Colonoscopy (45.23) 3598 (17.7) 19338 (15.5) 

Other Manually Assisted Delivery (73.59) 280 (1.4) 3512 (2.8) 

Other Immobilization, Pressure, And Attention to Wound (93.59) 421 (2.1) 2020 (1.6) 

Injection of Anesthetic into Peripheral Nerve for Analgesia (04.81) 785 (3.9) 4950 (4.0) 

Injection or Infusion of Other Therapeutic or Prophylactic Substance 

(99.29) 
2388 (11.7) 8030 (6.4) 

Insertion of Intraocular Lens Prosthesis at Time of Cataract 

Extraction, One-Stage (13.71) 
893 (4.4) 4134 (3.3) 

Angiocardiography of Left Heart Structures (88.53) 2950 (14.5) 14593 (11.7) 

Other Incision with Drainage of Skin and Subcutaneous Tissue 

(86.04) 
1183 (5.8) 7894 (6.3) 

Social-ecological variables 
  

Deprivation Index 
106.0 (100.2, 

109.3) 

105.0 (99.3, 

108.9) 

Median Household Income 
44962 (37110, 

53841) 

46432 (36560, 

54680) 

Household Income 
10611 (7508, 

14331) 

11483 (7825, 

14671) 

2nd highest 1-hour measurement of CO in the year 1.9 (1.7, 2.3) 2.2 (1.7, 2.3) 

2nd highest 8-hour average measurement of CO in the year 1.3 (1.1, 1.6) 1.4 (1.3, 1.9) 

PM2.5 8.1 (7.6, 8.1) 8.0 (7.8, 8.5) 

highest daily AQI value in the year 119 (100, 147) 133 (101, 147) 

 

In addition, we examined the frequencies of rheumatic diseases in the two groups. Table 2-3 

shows the results. Overall, RD groups have higher frequencies in most of these diseases. 

Interestingly, RA patients have higher rates of diffuse diseases of connective tissue (ICD-9 code: 

710), Reiter’s Disease (ICD-9 code: 99.3), and rheumatic fever - no heart involvement (ICD-9 

code: 390) despite these codes were used to define RD group. 

Table 2-3. Frequencies of rheumatic diseases in the two groups 

Rheumatic diseases 
RA RD adjusted 

p-value n (%) 

Diseases of the musculoskeletal system and 

connective tissue 
  

 
Diffuse diseases of connective tissue (710) 1542 (9.9) 649 (7.0) <.0001 

Infectious arthropathies (711) 215 (1.4) 116 (2.0) 0.3599 

Osteoarthritis and allied disorders (715) 5499 (35.4) 2186 (37.5) <.0001 
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Rheumatic diseases 
RA RD adjusted 

p-value n (%) 

Other/unspecified arthropathies (e.g. allergic 

arthritis, transient arthropathy) (716) 
1412 (1.3) 524 (9.0) <.0001 

Other/unspecified joint disorders (e.g. joint effusion, 

walking difficulty) (719) 
871 (5.6) 375 (6.4) <.0001 

Ankylosing spondylitis/inflammatory 

spondylopathies (720) 
140 (0.9) 60 (1.0) <.0001 

Spondylosis and allied disorders (721) 1041 (6.7) 415 (7.1) <.0001 

Polymyalgia rheumatica (725) 350 (2.3) 142 (2.4) <.0001 

Peripheral enthesopathies and allied conditions 

(726) 
369 (2.4) 159 (2.7) <.0001 

Other disorders synovium/tendon/bursa (e.g. 

tenosynovitis, synovial cyst) (727) 
367 (2.4) 176 (3.0) 0.0256 

Disorders of muscle/ligament/fascia (728) 598 (3.9) 253 (4.3) <.0001 

Rheumatism (729) 2587 (16.7) 1089 (18.7) <.0001 

Selected codes from other ICD9-CM chapters   
 

Gonococcal infection of joint (98.5) 0 0 0.4595 

Reiter’s Disease (99.3) 7 (0.05) 0 0.133 

Bechet’s Syndrome (163.1) 9 (0.06) 5 (0.1) 0.1107 

gout (274) 865 (5.6) 352 (6.0) <.0001 

Allergic Purpura (287.0) 3 (0.02) 2 (0.03) 0.3319 

Cauda Equina Syndrome (344.6) 16 (0.1) 8 (0.1) <.0001 

Brachial plexus lesion/thoracic outlet syndromes 

(353.0) 
7 (0.05) 3 (0.05) 0.0195 

Carpal Tunnel Syndrome (354.0) 72 (0.5) 30 (0.5) 0.0019 

Tarsal Tunnel Syndrome (355.5) 0 0 0.2147 

Polyneuropathy - collagen vascular disease (357.1) 14 (0.09) 10 (0.2) <.0001 

Rheumatic fever - no heart involvement (390) 7 (0.05) 1 (0.02) 0.004 

Cerebral arteritis (437.4) 6 (0.04) 3 (0.05) 0.5078 

Raynaud’s syndrome (443.0) 145 (0.9) 57 (1.0) <.0001 

Polyarteritis nodosa and allied conditions (446) 189 (1.2) 89 (1.5) <.0001 

Arteritis, unspecified (447.6) 74 (0.5) 46 (0.8) <.0001 

Psoriatic arthropathy (696.0) 219 (1.4) 80 (1.4) <.0001 

 

In order to build a multi-domain prediction model of RA diagnosis, we fitted a number of models 

on selected input domains as specified in the Methods section. Table 2-4 summarizes the 

performance indices for these models. We first fitted multivariable models on single and merged 

domains, using the top variables for each domain (200 variables, optimized through a 

bootstrapped grid search). In terms of AUROC, when using variables from all domains on the 
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whole data set the logitboost (containing 10 variables after feature selection) performed the best, 

followed by decision tree and random forest. A model using one-rule (income household 

median) had the worst predictivity. Interestingly, the model using random forest had the highest 

sensitivity (0.694), while the model using one rule had the highest specificity (0.991). The model 

using LogitBoost had fairly good values in both sensitivity (0.685) and specificity (0.662). 

For the single domain analysis, we then used logitboost. Figure 2-1 shows the discriminatory 

power of each domain and of domains together. When distinguishing asthma from RD, the 

domain with the highest discriminatory power was the social-ecological (AUROC 69.3%), 

followed by clinical diagnoses (65.4%), demographics (64.7%), and clinical procedures (58%). 

Merging domains together improved the overall performance by approximately 5%, yielding an 

AUROC of 73.5%. Notably, the model with clinical diagnosis or procedure domain had the 

highest specificity (0.681 and 0.685 respectively), while the model with demographic domain 

had the highest sensitivity (0.747). The models with all domains and the model with social 

ecological domain achieved relatively good balance in sensitivity and specificity.  

Table 2-4. Performance of prediction models 

Model Domain(s) AUROC (95% CI) Sensitivity Specificity Cutoff 

Decision tree 

All 

0.702 (0.698, 0.706) 0.652 0.66 0.123 

Random forest 0.695 (0.691, 0.699) 0.655 0.628 0.152 

LASSO 0.622 (0.618, 0.626) 0.533 0.655 0.15 

One rule 0.522 (0.520, 0.524) 0.052 0.991 0.152 

Logit Boost 

All 0.735 (0.731, 0.739) 0.685 0.662 0.139 

Social-ecological 0.693 (0.689, 0.697) 0.666 0.644 0.139 

Clinical diagnoses 0.654 (0.650, 0.658) 0.603 0.634 0.127 

Demographics 0.647 (0.643, 0.651) 0.631 0.579 0.139 

Clinical procedures 0.580 (0.575, 0.584) 0.472 0.663 0.121 
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Figure 2-1. Model comparison via AUROC (Left panel: model comparison; Right panel: domain 

comparison) 

The find choice of model is the model using logitboost with all input domains, a summary of the 

model is displayed in Table 2-5. A total of 12 variables were selected in the final model 

including demographic variables (age, gender), clinical variables (4 different diagnosis and CCI), 

and social-ecological variables (4 air quality measurements and area deprivation index).  

Table 2-5. Final multi-domain model from the logitboost algorithm 

variable OR (95% CI) p-value 

age 1.01 (1.01, 1.02) <0.0001 

Gender (female) 2.37 (2.24, 2.52) <0.0001 

(710) Diffuse diseases of connective tissue 3.33 (2.97, 3.73) <0.0001 

(715) Osteoarthrosis and allied disorders 1.40 (1.31, 1.48) <0.0001 

(716) Other and unspecified arthropathies 2.08 (1.94, 2.22) <0.0001 

(719) Other and unspecified disorders of joint 1.42 (1.34, 1.51) <0.0001 

max AQI of the year 0.97 (0.97, 0.98) <0.0001 

NO2 annual mean 0.92 (0.89, 0.96) <0.0001 

PM10 annual mean 1.12 (1.09, 1.13) <0.0001 

2nd highest 8-hour CO measurement 0.40 (0.34, 0.47) <0.0001 

Area Deprivation Index 1.00 (0.99, 1.01) 0.1192 

CCI 0.99 (0.98, 1.01) 0.5503 

 

Discussions 

In this study, we developed a compact model to predict rheumatoid arthritis (RA) 

utilizing a large database from the state of Florida. The final model we built showed a fair 

performance with AUROC of 0.74, sensitivity of 0.68 and specificity of 0.65 at the optimal cut 
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point. The results from our analysis demonstrated that by integrating multiple information 

domains, we are able to improve the accuracy and utility of a prediction model compared to 

models with individual domains, and some interesting findings warrant further investigation. 

The current diagnostic criteria of RA heavily rely on clinical symptoms and blood test 

results especially the anti-CCP test. The sensitivity and specificity of the test ranges from 53% to 

71% and 95% to 96% respectively 3,14. Thus, there is still a need to improve the predictivity of 

RA diagnosis, especially for early diagnosis, and there is no tool for the prediction of at-risk 

population. In this study, we compared the characteristics between RA and a selected population 

of those who had RD. This comparison group may be more prone to RA. Although the overall 

predictivity of our model is not good enough to be used for disease prediction or diagnosis by 

itself, it can be used for complementing differential diagnosis. The combination of our model 

with lab test results and other domains should yield more accurate predictions of RA.  

In addition to potential use for RA prediction, we also identified several interesting 

variables associated with risk of RA in our analysis, including clinical diagnosis such as 

postinflammatory pulmonary fibrosis and anemia, socio-ecological variables such as deprivation 

index, income level, and clinical procedures such as blood transfusion. These variables occurred 

or were collected before or at the same time as the diagnosis of RA, so they can provide 

important knowledge on concurrent and prodromal risk factors or comorbidities of RA. RA is a 

chronic inflammatory disorder, and previous studies suggested that systemic inflammation and 

autoimmunity in RA usually begin years before the onset of detectable joint inflammation and 

other symptoms 47,48. Therefore, diseases and procedures that are usually associated with 

inflammation tend to be more prevalent in RA patients. For example, anemia usually occurs in 

people who have ongoing inflammation in their body, including anemia of chronic inflammation 
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and iron deficiency anemia 49, which is consistent with our observations that multiple ICD-9 

codes for anemia are positively associated with RA. The higher frequency of anemia in RA 

group is also related with higher frequency of blood transfusion procedures (Transfusion of 

packed cells) 50. RA patients tend to have increased concentrations of homocysteine and leptin 51, 

which could lead to higher frequencies of heart conditions and heart procedures. Lung diseases 

such as pulmonary fibrosis is common extra-articular manifestation of RA, and inflammation 

could also increase the risks of these diseases 52. In addition, abnormal immune system can 

trigger RA and lead to lasting damage to cells in the body, this combined with 

immunosuppressant medication that are generally taken by RA patients can make the patients 

prone to increased prevalence of infections. However, in our analysis, some variables (e.g. 

asthma) are positively associated with RA, but the rationale for their association were not fully 

understood. Future studies could verify these findings and seek to explore the biological 

mechanisms between these associations. 

Perhaps the most intriguing finding of this study is that the socio-ecological domain is the 

strongest predictor for RA among all information domains. Lower income level, lower socio-

economic status and different air quality measures were observed in the RA group. Previous 

studies have demonstrated that some social-ecological factors may contribute to higher risk of 

RA. For example, results from the Nurses’ Health Study showed that women living in higher 

latitudes had elevated risk for RA. Compared to women who lived in the West, those who lived 

in the East were at greater risk for RA (RR 1.36; 95% CI 1.01, 1.84) after adjusting for potential 

confounders 38. They also found that women living within 50 meters of a road had an elevated 

risk for RA (HR: 1.31; 95% CI, 0.98–1.74) compared with those living 200 meters or farther 

away from a road, but no statistically significant difference was observed in risks for RA with 
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exposure to the different pollutants 53. In our analysis, the model with social-ecological variables 

(including socio-economic status and air quality measures) has the strongest predictivity among 

all input domains tested, which is consistent with previous reports, and indicate that 

environmental factors may play important roles in the pathogenic mechanisms of RA. Future 

studies could focus on examining the independent contribution of these socio-ecological 

variables. The final model of choice was a multi-domain model derived using LogitBoost 

algorithm (Table 2-4). In this model, female (OR=2.37), older age (OR=1.01), and several other 

types of arthropathies or arthritis were positively associated with RA. Consistent with previous 

studies, it has been reported that females or older population were more likely to have RA than 

males or younger individuals 6,33,34, it has also been demonstrated that patients with other 

diseases of connective tissues or rheumatoid conditions were at higher risk for RA compared 

with those without these conditions 48,54, our observation suggest that RA is closely related with 

RDs. In addition, several socio-ecological variables were also identified as strong predictors for 

RA, a higher value of PM10 is associated with higher risk of RA (OR=1.12), while other 

variables such as NO2 and CO measurements were negatively associated with the occurrence of 

RA. The mechanisms of the associations between RA and these air pollutants has not been fully 

understand, previous studies have also yielded inconsistent results 55–58, in this analysis, we 

included only a limited number of social-ecological indicators (especially air quality measures) 

and made broad assumptions on these characteristics over time and space, this may introduce 

misclassifications given their large temporal variations. However, given the strong predictive 

signal of the social-ecological domain, a more thorough analysis is warranted.  

There are some limitations in this study. First, RA or RD were defined solely by using 

ICD-9 codes since there is no information of prescription or lab marker in our data. We used an 
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existing definition of RA in EHR settings 59,60 in our study: if a patient had two separate ICD 

codes for RA/RD from two distinct visits in 6 months, the patient was categorized into their 

respective group. Previous studies showed such classification had 90% sensitivity and about 60% 

positive precative value (PPV) 2,3,14, which indicates we may have misclassification in our study. 

Future studies that use a more definitive definition of RA/RD are needed. Second, we used only 

ICD-9 codes for clinical diagnosis and procedures, a strength of using ICD-9 is that under a pure 

predictive approach, these codes are useful as they can be pulled automatically from an EHR, so 

that the models can be directly applied in external EHR databases. However, if we want to fully 

understand and interpret mechanics of how these predictors work from an actionable point of 

view, clinical interpretations of these codes are needed. In this analysis, we utilized the hierarchy 

structure of the ICD-9 ontology when an identified 3-digit code contains a broad range of 

conditions, we used the 5-digit codes under it to identify more meaningful conditions. In 

addition, the translational relevance of using exclusively ICD-9 is limited as the codes need to be 

translated into other ontologies (such as ICD-10). Strategies for integrating ICD-9 with other 

ontologies are needed in the future. The findings from this work may also need additional 

semantic integration strategies to link the ICD codes to free-text type information domains. For 

example, ICD codes 338 (pain, not classified elsewhere) were identified as an important 

predictor in our analysis, future studies that link this ICD code with descriptions of pain from 

doctors’ notes or patients’ posts on social media can be useful. 

Despite these limitations, this study provided an algorithm that has the potential of 

improving the differential diagnosis and early prediction of RA, which can be used in 

conjunction with other diagnostic information. We also found a significant contribution of socio-
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ecological domains, future studies examine independent socio-ecological and environmental risk 

factors and predictors of RA are needed. 
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CHAPTER 3 

CLINICAL CORRELATES OF RHEUMATOID ARTHRITIS USING A STATISTICALLY 

ROBUST FRAMEWORK 

Introduction 

Rheumatoid arthritis (RA) is a chronic inflammatory disorder that carries a substantial 

healthcare burden and impairment in quality of life. The prevalence of RA in the United States 

was estimated to be 0.53 to 0.55% in 2014 with a higher prevalence in females compared to 

males (0.73-0.78% vs 0.29-0.31%) 33. While there is no cure for RA currently, physiotherapy and 

medication are usually used to treat RA. These disease-modifying antirheumatic drugs 

(DMARDs), along with other medications and lifestyle changes, could slow the disease's 

progression and relieve the disease’s symptoms or complications. However, it has been reported 

that in an insured RA patient population, only two-thirds of newly diagnosed RA patients were 

prescribed a DMARD in year one and 28% received no antirheumatic therapy 61. Because of the 

lack of effective treatment and the natural progress of the diseases itself, patients who have RA 

are prone to many health consequences. Previous studies have demonstrated that RA patients are 

at higher risks for various of conditions, including persistent pain, functional disability, fatigue, 

and depression 62–66.  

While these studies compared individuals with RA to control groups determined by 

specific mortality or risk of single disease, a comprehensive study on all-morbidity has not been 

carried out. The objective of this study is to identify clinical consequences of RA by assessing 

the independent association of RA and the risk of diagnosis of specific clinical comorbidities for 

individuals who are at high-risk of RA.  

Methods 

This study has been approved by the University of Florida’s institutional review board 

with protocol no. IRB201701906 as exempt.  
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The Healthcare Cost and Utilization Project (HCUP)’s State Inpatient Databases (SID), 

State Ambulatory Surgery and Services Databases (SASD), and State Emergency Department 

Databases (SEDD) for the state of Florida, USA, between 2005 and 2014 were used 29. The SID, 

SASD and SEDD contain anonymized, longitudinally linked inpatient, outpatient and emergency 

room visits data. From Florida SID/SASD/SEDD, patients with RA and RD were identified 

using definitions adapted from National Arthritis Data Workgroup (NADW) definition of 

arthritis and other rheumatic conditions using a set of ICD-9 codes. To be specific, the cases are 

patients who were diagnosed with RA (ICD-9: 714.0), and controls are patients who were 

diagnosed with other rheumatoid diseases (RD) as defined from the NADW list, and RA and RD 

are considered as confirmed when the corresponding diagnostic code were recorded from two 

distinct visits. In addition, we excluded patients whose first RA or RD were diagnosed before 

2010. 

To each patient we associated their other diagnoses before and after the diagnosis of 

RA/RD using three-digit ICD-9 codes. Charlson comorbidity index (CCI) 40,41 and rheumatic 

disease comorbidity index (RDCI) 67 for each individual were calculated using ICD-9 codes prior 

to RA/RD diagnosis. Diagnostic codes that occurred in less than 1% the RA group were 

removed. To ensure the two groups have comparable overall health, propensity score matching 

(PSM) was performed on CCI and RDCI using “nearest neighbor” method, and RA and RD were 

matched on the propensity score with a 1:3 ratio. To be specific, we first fitted a logistic 

regression using a disease (e.g. essential hypertension) as outcome variable, CCI and RDCI as 

covariates to generate the logistic probabilities of propensity score for each observation in the 

two comparison groups (RA vs. RD) using “nearest neighbor” method. Next, one patient in the 

RA group were matched to 3 patients in the RD group based on their propensity scores to 



 

43 

generate the study sample population. The association between RA status and disease 

comorbidities was assessed by multivariable logistic regression, with RA status as independent 

variable and each of ICD-9 code after the occurrence of RA/RD as the outcome. The models 

were adjusted by age, gender, race, insurance status, CCI, RDCI, and status of the corresponding 

ICD-9 code prior to diagnosis. After fitting all multivariable logistic models, we ranked the 

adjusted odds ratios of RA, Akaike information criterion (AIC) 68and area under receiver 

operating characteristic curve (AUROC) 69 of each model based on their respective criteria. 

Results from these three measurements were combined to create a more robust measurement to 

identify importance consequences. All statistical analysis was conducted using R 14. 

Results 

The 2005-2014 HCUP SID/SASD/SEDD contained a total of 21,091,289 patients after data 

merge and cleaning. A total of 19,609 RA patients and 58,827 RD patients were identified after 

propensity score matching, and a total of 237 three-digit diagnostic codes were included in the 

analysis (all above 1% frequency). Table 3-1 displays population characteristics before the 

propensity score matching. 

Table 3-1. Population characteristics of the two groups before propensity score matching 
 RA RD 

Total N 20351 125161 

Female N (%) 15533 (76.3) 72746 (58.1) 

Race White N (%) 15012 (73.4) 81335 (65.0) 

Race African American N (%) 2755 (13.5) 25243 (20.2) 

Ethnicity Hispanic N (%) 2145 (10.5) 14922 (11.9) 

Race Asian or Pacific Islander N (%) 105 (0.5) 796 (0.6) 

Race Native American N (%) 15 (0.07) 129 (0.1) 

Race Other N (%) 320 (1.6) 2736 (2.2) 

Age median (interquartile range, IQR) 61 (47, 72) 55 (41, 67) 

Year of RA/RD diagnosis (or baseline) median (IQR) 2012 (2011, 2013) 2012 (2011, 2013) 

CCI (IQR) 1 (0, 2) 0 (0, 2) 
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Table 3-2. Population characteristics of comparison group after propensity score matching 
 RA RD 

Total N 19609 58827 

Female N (%) 11063 (56.4) 33014 (56.1) 

Race White N (%) 15095 (77.0) 45027 (76.5) 

Race African American N (%) 2186 (11.2) 6744 (11.5) 

Ethnicity Hispanic N (%) 1786 (9.1) 5510 (9.4) 

Race Asian or Pacific Islander N (%) 117 (0.6) 317 (0.5) 

Race Native American N (%) 18 (0.1) 72 (0.1) 

Race Other N (%) 349 (1.8) 1017 (1.7) 

Age median (interquartile range, IQR) 67 (54, 78) 67 (54, 78) 

RDCI (IQR) 3 (2, 5) 3 (2, 5) 

CCI (IQR) 3 (1, 4) 3 (1, 4) 

 

After the propensity score matching, the two groups have similar ranges in RDCI and CCI, 

indicating that the two groups of patients have similar overall health. Interestingly, demographic 

variables such as gender, race, and age were all similar in the two groups, suggesting that these 

variables may be associated with CCI and RDCI, and by matching CCI and RDCI, these 

demographic variables were controlled in some level. Table 3-2 displays the population 

characteristics of the two groups after propensity score matching. 

Among the RA group, the most common diagnosis after baseline was essential hypertension 

(401), more than 70% of RA patients were diagnosed with essential hypertension after the 

occurrence of RA. Figure 3-1 shows the top 10 most frequent diagnoses in RA group and their 

frequencies in RD group. Among these top ten ICD-9 codes, only essential hypertension (401) 

and osteoarthrosis and allied disorders (715) had higher percentages in RA group (72.4% and 

37.5% respectively) than in RD group (71.8% and 33.7% respectively). 
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Figure 3-1. The top-10 diagnosis in RA group after diagnosis 

Next, the potential clinical consequences of RA were identified by assessing the associations 

between RA and diagnosis made after RA/RD. Figure 3-2 shows the top 20 ICD-9 codes 

identified using the three distinct measurements: AIC, AUROC, or absolute coefficient. To 

ensure the robustness of our analysis, ICD-9 codes that were identified by two or more 

measurements were considered as important consequences of RA. A total of 131 variables were 

associated with RA at a significant level of 0.05 after Bonferroni adjustment, and 31 of these 

variables were positively associated with RA. Table 3-3 displays the top overlapped variables in 

each comparison and their: information gain, AUROC, and odds ratios values. Among these top 

variables, eight of them are positively associated with RA, including Disorders of lipoid 

metabolism (272), Disorders of fluid electrolyte and acid-base balance (276), Other and 

unspecified anemias (285) Essential hypertension (401), Postinflammatory pulmonary fibrosis 

(515), Diffuse diseases of connective tissue (710), Other disorders of bone and cartilage (733), 

and Fracture of neck of femur (820). 
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Figure 3-1.  Venn diagram of top post-diagnosis clinical variables identified in multivariable 

analysis from the three measurements, the ICD-9 codes indicates these are positively 

associated with RA  

Table 3-3. Top post-diagnosis clinical variables identified in multivariable analysis from the 

three measurements and their information gain, AUROC, and odds ratios values (bold 

indicates the variables are positively associated with RA) 

condition (ICD) AIC AUROC OR (95% CI) 

Disorders of lipoid metabolism (272) 88189.037 0.509 1.19 (1.12, 1.25) 

Disorders of fluid electrolyte and acid-base balance (276) 88185.187 0.510 1.16 (1.10, 1.21) 

Other and unspecified anemias (285) 88178.841 0.512 1.17 (1.12, 1.23) 

Hereditary and idiopathic peripheral neuropathy (356) 88145.595 0.510 0.69 (0.63, 0.75) 

Inflammatory and toxic neuropathy (357) 88105.426 0.510 0.59 (0.54, 0.66) 

Essential hypertension (401) 88177.187 0.509 1.24 (1.17, 1.32) 

Hypertensive heart and chronic kidney disease (404) 88093.350 0.509 0.50 (0.44, 0.57) 

Cardiomyopathy (425) 88185.965 0.507 0.78 (0.72, 0.85) 

Other peripheral vascular disease (443) 88187.408 0.507 0.80 (0.74, 0.86) 

Postinflammatory pulmonary fibrosis (515) 88179.533 0.505 1.48 (1.32, 1.65) 

Nephritis and nephropathy not specified as acute or chronic (583) 87998.634 0.511 0.37 (0.42, 0.43) 

Disorders resulting from impaired renal function (588) 88008.293 0.510 0.70 (0.32, 0.43) 

Hyperplasia of prostate (600) 88108.558 0.510 0.57 (0.51, 0.64) 

Diffuse diseases of connective tissue (710) 88135.741 0.507 1.95 (1.70, 2.23) 

Other disorders of bone and cartilage (733) 88116.296 0.513 1.41 (1.32, 1.50) 

Fracture of neck of femur (820) 88177.313 0.507 1.46 (1.31, 1.63) 
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condition (ICD) AIC AUROC OR (95% CI) 

Complications peculiar to certain specified procedures (996) 88176.646 0.508 0.78 (0.72, 0.84) 

 

Discussions 

In this study, we used a large state-wide database to explore the potential clinical consequences 

of RA. We found that RA could result in severe physical burdens and comorbidities, these results 

could be used to inform research on clinical management and care of patients.  

In our analysis, compared to RD patients, RA patients tend to have higher risks of certain clinical 

conditions, such as hypertension, disorders of joints and tissues etc. In order to identify which of 

these clinical conditions have stronger association with RA, we used a robust framework to 

determine the importance of the variables by combining three distinct measurements from 

regression models. The AIC estimates the relative information lost by a given model, the less 

information a model loses, the higher the quality of that model 68. The AUROC measures the 

discrimination power of a model, higher value indicates the model predicts the outcome more 

accurately 69, and the odds ratio (OR) measures the magnitude of the association. For an 

association with OR>1, a larger OR usually indicates a stronger association between the 

independent variable (predictor) and the dependent variable (outcome). The combination of these 

3 measures provides a more robust overall estimation on the relationship. 

Among all identified clinical conditions that are positively associated with occurrence of RA, 

disorders of lipoid metabolism, disorders of fluid electrolyte and acid-base balance, anemias, 

essential hypertension, postinflammatory pulmonary fibrosis, diffuse diseases of connective 

tissue, other disorders of bone and cartilage, and fracture of neck of femur were considered as the 

most important ones using our approach. RA and its associated inflammation could lead to 

metabolic disturbances, inflammation of adipose tissue, which in turn leads to insulin resistance 
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and associated molecular disorders of and abnormal lipid metabolism 70–72. RA patients tend to 

have changes in the acid-base status of the synovial fluid which could lead to fluid electrolyte 

and acid-base in balance 73–75. In addition, RA is usually associated with different types of 

anemia. Anemia can occur in RA patients who have ongoing inflammation in their body, 

including anemia of chronic inflammation and iron deficiency anemia, and sometimes 

medication that used to treat RA may also trigger anemia 76–78. Consistent with our finding, 

previous studies have also demonstrated that RA patients are at high risk of hypertension. It is 

hypothesized that hypertension in RA patients is not associated with generalized systemic 

inflammation or insulin resistance but is associated with increasing concentrations of 

homocysteine and leptin 79,80. The pathogenesis of hypertension in RA may involve pathways 

that are associated with fat and vascular homeostasis. RA could also cause pulmonary fibrosis as 

an extra-articular manifestation, due to inflammation 52,81,82. Previous study has shown that high 

counts of RA antibodies are linked to the development of interstitial lung disease. Lastly, we 

found that compared with RD patients, RA patients have higher risks of diseases in connective 

tissues and bones. Studies have shown increased risks of bone loss, fracture or osteoporosis in 

individuals with RA. These associations may be explained by pain and loss of joint function 

caused by RA. Glucocorticoid medications that are often prescribed for RA treatment could also 

trigger significant bone loss 83,84. These mechanisms of RA pathogenesis were supported by our 

study, our findings suggest that targeted interventions should be given to RA patients to improve 

their treatment outcomes and quality of life. 

There are several limitations in this work which merit discussion. It is a retrospective analysis of 

an observational dataset from a single state although Florida is the state with the third-largest 

population in the United States. In this study, RA and RD were defined based on ICD-9 codes 
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because the HCUP database does not include pharmacy data or laboratory data. We adapted an 

existing definition of RA in EHR settings: if a patient had two separate ICD-9 codes for RA/RD 

from two distinct visits in six months, the patient was categorized into their respective group. It 

has been reported that such classification had 90% sensitivity and about 60% positive predictive 

value 85. Therefore, we may have misclassification in our study, future studies that use 

serological test as confirmation of RA/RD are needed. In addition, the use of ICD-9 codes alone 

may be problematic as these codes were designed primarily for billing purpose, thus some codes 

are not well-specified from clinical point of view. 

In conclusion, we conducted a comprehensive analysis on RA and risk of clinical comorbidities 

using a large statewide clinical database. Several clinical conditions were identified to be 

potential health consequences of RA suggesting directions for further investigation into the 

mechanisms of RA and the management of RA patients. 
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CHAPTER 4 

HETEROGENEITY OF OTHER RHEUMATIC DISEASES IN PATIENTS WITH 

RHEUMATOID ARTHRITIS: A CLUSTERING ANALYSIS 

 

Introduction 

Rheumatoid arthritis (RA) is a chronic inflammatory disorder that carries a substantial healthcare 

burden and impairment in quality of life. The prevalence of RA in the United States was 

estimated to be 0.53 to 0.55% in 2014 with a higher prevalence in females compared to males 

(0.73-0.78% vs 0.29-0.31%) 33. Previous evidences have shown that RA is a heterogenous 

disease in different ways. First, heterogeneous gene expression profiles have been observed in 

RA patients. For example, the gene expression signatures of synovial tissues from RA patients 

showed significant variability in certain pathways and genetic alleles, resulting in the 

identification of molecularly distinct forms of RA tissues 86,87. Second, based on a patient’s 

response to the two main serological tests, RA patients can be categorized into different 

phenotypes: RF-positive and RF-negative (from RF test), anti-CCP-positive and anti-CCP-

negative (from anti-CCP test). Third, there has been variation of symptoms reported in RA 

patients in terms of the presence, location, and severity of symptoms. Physicians use symptoms, 

blood antibody, lab tests along, and x-ray to make a diagnosis of rheumatoid arthritis, which may 

be a start point to try and further refine the diagnosis, determine phenotypes and endotypes, and 

adjust therapy accordingly. However, few studies have investigated other aspects of RA that are 

related with the observed heterogeneity. 

Rheumatic disease (RD) is a class of conditions that causes inflammation on connecting and 

supporting structures such as joints, tendons, bones etc. The symptoms of RDs include chronic, 

intermittent pain on joints and connective tissue, and these diseases can ultimately cause loss of 

function in those body parts. In this study, we aim to assess the heterogeneity of other rheumatic 

diseases (RD) in patients with RA by use several different unsupervised statistical learning 
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techniques. The goal is to explore whether RA patients can be clustered by their prodromal or 

concurrent RDs. 

Methods 

This study has been approved by the University of Florida’s institutional review board with 

protocol no. IRB201701906 as exempt.  

The Florida’s statewide data from the Healthcare Cost and Utilization Project (HCUP) in 2005-

2014 were used 29, which include inpatient, outpatient (ambulatory) and emergency department 

visits for anonymized, longitudinally linked patients. The HCUP database contains patients’ 

demographics, insurance status, hospital information, diagnoses, and procedures encoded via 

ICD-9 ontology.  

Adult patients whose first RA diagnosis was made after 2010 were included. A diagnosis of RA 

was considered as confirmed when the corresponding ICD-9 code (714.0) was recorded twice in 

two distinct visits within 6 months. To each patient, we associated all of their previous diagnoses 

of other rheumatic diseases (RD), the definitions of RDs were adapted from National Arthritis 

Data Workgroup (NADW) with a sets of ICD-9 codes (include Diffuse diseases of connective 

tissue, 711, 712, 713, Osteoarthrosis and allied disorders, Other and unspecified arthropathies, 

Other and unspecified disorders of joint, 720, Spondylosis and allied disorders, 725, Peripheral 

enthesopathies and allied syndromes, Other disorders of synovium tendon and bursa, Disorders 

of muscle ligament and fascia, Other disorders of soft tissues.0, Other disorders of soft tissues.1, 

Other disorders of soft tissues.4, 095.6, 095.7, 098.5, 099.3, 136.1, Gout, 277.2, 287.0, 344.6, 

353.0, 354.0, 355.5, 357.1, 390, 391, 437.4, 443.0, 446, 447.6, 696.0). RDs with low frequency 

(occurred in less than 1% of the study population) were removed. Patients’ age, gender, 

insurance status and Charlson’s comorbidity index (CCI, calculated using Deyo’s formula with 



 

52 

ICD-9 codes) 40,41 were associated with each patient. In addition, patients who had no RD 

diagnosis recorded were excluded. 

To explore the patterns of RDs in RA population, several unsupervised statistical learning 

techniques were applied, including k-means clustering (KM), expectation–maximization (EM) 

algorithm, and hierarchical clustering. The k-means clustering assigns observations into k 

clusters based on the distance between the observation and the nearest mean, the distance is 

calculated using features associated with the observations 88. In this study, binary variables for 

the status of different RDs were used, and several k values were tested. The EM clustering, on 

the other hand 89, calculates the probabilities of cluster memberships based on one of more 

probability distributions, and then assigns a probability distribution to each observation. The 

number of clusters can be determined automatically with EM in cross validation. hierarchical 

clustering examines the similarities between observations 90, it starts by treating each observation 

as a separate cluster, and then repeatedly merges two clusters that are closet together until all 

clusters identified. In our analysis, hierarchical clustering was used to cluster the RDs using a 

binary distance matrix. The results from different clustering methods were compared to see if 

consistent patterns are observed. To be specific, results from EM clustering and k-means 

clustering were compared directly to examine the class assignments of patients, and percent 

agreement was calculated with adjusted rand index. Results from EM clustering/k-means were 

also compared with results from hierarchical clustering to examine if the diseases clusters from 

hierarchical clustering is reflected in patients’ clusters. 

Next, the class assignment identified from EM clustering or k-means clustering was used to 

examine whether these classes are associated with different health outcomes and demographic 

variables. Univariate analysis and multinomial logistic regression were used. In the multinomial 
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regression model, class assignment was used as dependent variable, demographic variables (age, 

sex, and race) and selected common comorbidities of RA (anemia, postinflammatory pulmonary 

fibrosis, and pain) were used as independent variable. All statistical analyses were conducted 

using R. 

Results 

After data merging and cleaning, a total of 20,351 RA patients were eligible to be included in 

this analysis. Table 4-1 displays the demographic characteristics and total RD frequencies in this 

population. The median age is 47, and the median CCI is 1. A large proportion of RA patients 

are females (76.3%), and the race/ethnicity group with the largest percentage is White (73.8%) 

followed by Black (13.5%) and Hispanic (10.5%). The most prevalent RDs in this population is 

Osteoarthrosis and allied disorders, more than one-third (35.8%) of the patients have had 

Osteoarthrosis and allied disorders, followed by Other disorders of soft tissues (31.5%) and 

Other and unspecified disorders of joint and Other and unspecified arthropathies (26.8%).  

Table 4-1. Population characteristics 

variable N (%) 

Age (median, IQR) 47 (61, 72) 

Diagnosis year (median, IQR) 2012 (2011, 2013) 

CCI (median, IQR) 1 (0, 2) 

  N (%) 

Female 15533 (76.3) 

Race   

White 15012 (73.8) 

Black 2755 (13.5) 

Hispanic 2145 (10.5) 

Asian or Pacific Islander 104 (0.5) 

Native American 15 (0.1) 

Other 320 (1.6) 

Diffuse diseases of connective tissue 1376 (6.8) 

Osteoarthrosis and allied disorders 6674 (35.8) 

Other and unspecified arthropathies 4708 (23.1) 

Other and unspecified disorders of joint 5461 (26.8) 

Spondylosis and allied disorders 2469 (12.1) 
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variable N (%) 

Peripheral enthesopathies and allied syndromes 1943 (9.6) 

Other disorders of synovium tendon and bursa 2130 (10.5) 

Disorders of muscle ligament and fascia 1355 (6.7) 

Other disorders of soft tissues 6418 (31.5) 

Gout 1097 (5.4) 

Carpal tunnel syndrome 1147 (5.6) 

 

We used hierarchical clustering to examine how the RDs are clustered with each other. Figure 1 

displays the dendrogram from HC; it shows the hierarchical relationship between the clusters, as 

well as the Approximately Unbiased (AU) p-value and Bootstrap Probability (BP). For a cluster 

with AU p-value > 0.95, the hypothesis that "the cluster does not exist" is rejected. In our result, 

almost all clusters had AU p-value > 0.95 suggesting there is evidence that these RDs have 

distinct clustering patterns. When we use the mean distance between any two RDs (0.90, se = 

0.11) as the cut point, we did not observe a clear clustered structure, but a distinct pattern of how 

these RDs are related were observed. Peripheral enthesopathies and allied syndromes (ICD code: 

726) and Other disorders of synovium tendon and bursa (ICD codes: 727) were grouped 

together, while Spondylosis and allied disorders (ICD code: 721), Other and unspecified 

arthropathies (ICD code: 716), Osteoarthrosis and allied disorders (ICD code: 715), Other and 

unspecified disorders of joint (ICD code: 719), and Other disorders of soft tissues (ICD code: 

729) were grouped together. The ICD codes that were clustered together means the distance 

between them is relatively close, so these two conditions are more likely to appear together. For 

example, an RA patient who has osteoarthrosis and allied disorders is more likely to have other 

and unspecified disorders of joint as well.  

Next, we used EM clustering and k-means clustering to examine how patients were clustered 

based on their status of RDs. Using EM clustering, a 5-class solution was identified. Figure 2 

displays these five classes and the probability of different RDs in each of the classes. In this 
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solution, class 1 (N = 12,256, 60.2%) has lowest frequencies in all RDs, while class 5 (N = 954, 

4.7%) has relatively higher frequencies in all RDs. Class 4 (N = 3,517, 17.3%) shows a similar 

trend as class 5, i.e., most of the RDs are presented in this group of patients, but the patients who 

were classified in class 4 have lower probabilities of having the RDs. Class 3 (N = 2,175, 10.7%) 

and 2 (N = 1,449, 7.1%) have a high prevalence in Osteoarthrosis and allied disorders compared, 

but have lower frequencies of other RDs, except Other and unspecified arthropathies. All the 

patients who were classified into class 2 had Other and unspecified arthropathies. 

In order to directly compare the results from different clustering methods, we set k = 5 in the k-

means clustering. Figure 3 displays the five classes and the probability of different RDs in each 

class. Similar to results from EM clustering, a class with very low frequencies of RDs were 

identified (class 1: N = 9,660, 47.5%), and a class with relatively high frequencies in all RDs was 

also identified (class 5: N = 1,566, 7.7%). Class 4 (N = 3048, 15.0%) had slightly higher 

frequencies of most RDs compared with class 1 but had a much higher frequency of Other 

disorders of soft tissues. Finally, class 2 (N = 3,614, 17.8%) and class 3 (N = 2463, 12.1%) had a 

higher frequency in Other disorders of soft tissues, and also had high frequencies in 

Osteoarthrosis and allied disorders and Other and unspecified disorders of joint respectively. 
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Figure 4-1 Dendrogram from hierarchical clustering showing how the RDs are correlated 

 

Figure 4-2 Results from expectation–maximization (EM) clustering showing how patients are 

grouped and the probability of having each RD 

 

Figure 4-3 Results from k-means (KM) clustering showing how patients are grouped and the 

probability of having each RD 

Next, we examined whether the patient class is associated with other aspects of RA patients 

using the class assignments from EM clustering and selected demographic factors and 



 

57 

comorbidities. Table 4-2 displays results from univariate analysis. Patients in class 1, 2 and 3 

have similar age, and they were older than patients in class 4 and 5. Heterogeneity in race and 

gender have also been observed in different classes, although a distinctive pattern was not 

presented. Class 4 and 5 have higher rates of almost all included comorbidities compared with 

other classes, while class 1 tend to have lower rates of these comorbidities. Results from the 

multinomial regression showed similar findings. Compared with class 1, all other classes have 

higher odds of higher CCI, anemia, pain, and postinflammatory pulmonary fibrosis, with the 

largest OR observed for class 5. Interestingly, patients in class 2 have higher odds of being 

Hispanic, while patients in class 2 and 5 are more likely to be Black. These findings suggest that 

the patient class assignments we identified may be associated with other aspects of heterogeneity 

in RA patients. Table 4-3 shows the adjusted odds ratios and 95% confidence intervals from 

multivariate logistic regression models. 

Table 4-2. Class assignment and demographic factors and selected clinical conditions bivariate 

analyses 
 class 1 class 2 class 3 class 4 class 5 p value 

N 12256 1449 2175 3517 954  

 median (IQR) 

Age 62 (49, 73) 63 (50, 73) 64 (53, 73) 53 (42, 66) 55 (46, 68) <0.0001 

CCI 1 (0, 2) 2 (0, 3) 1 (0, 3) 1 (0, 2) 2 (1, 4) <0.0001 
 N (%) 

White 9108 (74.3) 1020 (70.4) 1706 (78.4) 2509 (71.3) 669 (70.1) 

< 0.0001 

Black 1519 (12.4) 237 (16.4) 262 (12.1) 554 (15.8) 183 (19.2) 

Hispanic 1342 (11.0) 166 (11.5) 173 (8.0) 378 (10.8) 86 (9.0) 

Asian or Pacific 

Islander 
71 (0.6) 7 (0.5) 7 (0.3) 16 (0.5) 3 (0.3) 

Native American 9 (0.1) 0 0 6 (0.2) 0 

Other 207 (1.7) 19 (1.3) 27 (1.2) 54 (1.5) 13 (1.4) 

Female 9386 (76.6) 1095 (75.6) 1462 (67.2) 2873 (81.7) 717 (75.2) < 0.0001 

Unspecified anemia 2945 (24.0) 670 (46.2) 832 (38.3) 1207 (34.3) 497 (52.1) <0.0001 

Pain 1522 (12.4) 1449 (7.1) 2175 (10.7) 3517 (17.3) 954 (100) <0.0001 

Postinflammatory 

pulmonary fibrosis 
233 (1.9) 58 (4.0) 55 (2.5) 113 (3.2) 36 (3.77) < 0.0001 
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Table 4-3. Adjusted odds ratios (aOR) and 95% confidence intervals from multivariate logistic 

regression models (class 1 is used as reference) 
 class 2 class 3 class 4 class 5 

 OR (95% CI) OR (95% CI) OR (95% CI) OR (95% CI) 

Age 1.01 (1.00, 1.01) 1.01 (1.01, 1.01) 0.98 (0.97, 0.98) 0.99 (0.98, 1.00) 

CCI 1.18 (1.14, 1.21) 1.10 (1.07, 1.13) 1.20 (1.17, 1.23) 1.22 (1.18, 1.26) 

Black 1.35 (1.15, 1.58) 0.98 (0.85, 1.14) 1.02 (0.91, 1.14) 1.39 (1.15, 1.66) 

Hispanic 1.22 (1.02, 1.46) 0.77 (0.65, 0.91) 0.98 (0.86, 1.11) 0.98 (0.77, 1.25) 

Asian or Pacific 

Islander 
0.99 (0.45, 2.19) 0.60 (0.27, 1.31) 0.85 (0.48, 1.48) 0.69 (0.21, 2.23) 

Native American 
n/a sample size too small  

Other 

Female 0.98 (0.86, 1.12) 0.66 (0.60, 0.73) 1.31 (1.19, 1.45) 0.90 (0.77, 1.06) 

Unspecified anemia 1.79 (1.58, 2.02) 1.58 (1.42, 1.75) 1.20 (1.10, 1.32) 1.94 (1.67, 2.25) 

Pain 2.54 (2.23, 2.91) 1.70 (1.50, 1.93) 1.94 (1.76, 2.13) 4.95 (4.27, 5.75) 

Postinflammatory 

pulmonary fibrosis 
1.40 (1.03, 1.89) 0.98 (0.73, 1.33) 1.45 (1.14, 1.83) 1.27 (0.88, 1.84) 

 

Discussions 

In this study, we examined the heterogeneity of RDs among patients with RA utilizing a large 

data set with more than 20,000 RA patients and several robust unsupervised learning techniques. 

We explored the patterns of RDs distributions in RA patients using EM and KM, and how the 

RDs are clustered to each other using hierarchal clustering. The heterogeneity in RA population 

is confirmed as we identified multiple groups of patients using these methods, some interesting 

observations from our analysis worth further discussion.  

From the hierarchal clustering, although a clear clustered structure was not identified, we did 

observe an interesting pattern of how these RDs related with each other. We found that 

peripheral enthesopathies and allied syndromes (ICD code: 726) and Other disorders of 

synovium tendon and bursa (ICD code: 727) were grouped together, while spondylosis and allied 

disorders (ICD code: 721), Other and unspecified arthropathies (ICD code: 716), Osteoarthrosis 

and allied disorders (ICD code: 715), Other and unspecified disorders of joint (ICD code: 719), 

and Other disorders of soft tissues (ICD code: 729) were grouped together. Importantly, the 
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results from hierarchal clustering did not reflect the hierarchy structure of ICD ontology, for 

example diffuse diseases of connective tissue (ICD code: 710) and other and unspecified 

arthropathies (ICD code: 716) were in the same chapter in ICD-9 (Arthropathies And Related 

Disorders), but these two conditions have a long distance between them from hierarchal 

clustering.  

When comparing results from EM to KM, similar trends in identified patterns were observed. 

Both methods identified a large portion of patients that had a very low probability of other RDs, 

and a smaller number of patients who had a generally high probability of having other RDs, and 

certain RDs are more likely to be diagnosed together in certain patient. For example, both EM 

and KM identified classes with high probability in both Osteoarthrosis and allied disorders and 

Other disorders of soft tissues. Interestingly, results from EM and KM showed cumulative 

pattern in the probability and prevalence of RDs in different patient classes. The classes we 

identified include one class with the absence of any RDs; two classes with higher frequencies in 

one or two RDs; one class with almost every RD at low frequencies; and one class with almost 

every RD at high frequencies. These observations suggest that these classes may be the results of 

diseases progression and the accumulations of RDs. Previous studies have showed that the 

progression of RA is reflected by various of changes in biomarkers and symptoms, including 

Interleukin (IL)-7 level, rheumatoid factor (RF) positivity, C-reactive protein (CRP) 

measurements, and increased number of swollen and painful joints, etc., however, little is known 

as to how the disease progression is associated with other RDs 10–13. The results of our study 

indicate that the progression of RA may be characterized by the presentations of other rheumatic 

diseases, and future studies are needed to confirm our findings and associate the presence of RDs 

with other biomarkers to better predict RA progression. In our multivariate regression model, 
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higher odds of different comorbidities were observed in classes with higher frequencies of RDs, 

which supports the hypothesis that the patient classes are identified by the cumulative RD 

progressions. 

When comparing results from EM and KM to the dendrogram from hierarchal clustering, 

consistency can be observed, the patterns from hierarchal clustering are reflected in the results of 

EM and KM clustering. In the dendrogram, Osteoarthrosis and allied disorders and Other and 

unspecified disorders of joint were clustered together, while in from EM and KM clustering 

results, the class of patients who have high probability of Osteoarthrosis and allied disorders also 

tend to have Other and unspecified disorders of joint at similar level, while those who have low 

probability of Osteoarthrosis and allied disorders also tend to have low probability of Other and 

unspecified disorders of joint. Peripheral enthesopathies and allied syndromes and Other 

disorders of synovium tendon and bursa were also clustered together from hierarchal clustering, 

and a similar probability of having these two conditions was also observed from EM and KM 

results. Ankylosing spondylitis and other inflammatory spondylopathies, Gout, Diffuse diseases 

of connective tissue, Carpal tunnel syndrome and Disorders of muscle ligament and fascia were 

clustered far away from the rest of RD codes in hierarchal clustering, possibly due to the small 

overall prevalence of these conditions in the whole study population, it could also be explained 

by EM and KM clustering results as the possibility of having these conditions are likely to be 

independent to the possibility of having other RDs, but those who have one or more of these five 

conditions may be more likely to have the other one of these conditions. 

There are a few limitations in this study. First, RA and RD were defined based on ICD-9 codes 

because the HCUP database does not have information on medication or laboratory. We adapted 

an existing definition of RA in EHR settings: if a patient had two separate ICD codes for RA 
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from two distinct visits in 6 months, the patient would be considered as “confirmed RA case.” It 

has been reported that such classification had 90% sensitivity and about 60% positive precative 

value (PPV) 85; therefore, we may have misclassification in our study. In addition, the use of ICD 

codes in the analysis can be potentially problematic due to the nature of ICD-9. Some of the 

codes for RDs are not corresponding to specific condition, which limits the interpretability and 

clinical relevance of our findings. For example, “Other and unspecified disorder of joint” is not 

actually a condition, but a code that explicitly avoids specifying a condition. Similarly, “other 

disorders of soft tissue” means a group of disorders that are not the disorders listed elsewhere in 

ICD. In the hierarchy clustering, we found that joint disorders and soft tissue disorders are 

linked, but we do not actually know which joint and soft tissue disorders they are. These 

concerns apply wherever ICD codes that describe a catchall class with hedge terms like “other” 

or “unspecified” are used. Finally, in this study, the RA patients were clustered into groups only 

by their prodromal and concurrent RDs. To our knowledge, little is known about the 

relationships between RA and RD, and whether the relationship is linked with other aspects of 

RA patients. The use of other information domains may provide important information for 

understanding the etiology of RA and to discover RA endotypes. One can examine the patterns 

of the genetics, blood testing, and presentations of symptoms (e.g., locations of pain) to identify 

the associations between different patterns. Future studies could also examine whether and how 

these clusters are associated with the clinical outcomes of RA such as comorbidities, treatment 

responses, etc. 

Despite these limitations, in this exploratory analysis, we observed a large heterogeneity of RDs 

in RA patients, and we identified some interesting patterns of patients and RDs. The RDs did not 

have a clear clustered structure, but a cumulative structure may present, the clusters identified in 
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this analysis can be considered as the sequences of disease progression in RA patients. Future 

studies are needed to confirm our findings, and associate these clusters with other aspects of RA. 
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CHAPTER 5 

CONCLUSIONS 

Summary of Research Objectives 

Rheumatoid arthritis (RA) is a long-term autoimmune disorder that primarily cause chronic 

inflammation that affects many joints, most frequently on hands and feet. The symptoms of RA 

usually include warm, swollen, and painful joints, and these symptoms are very similar to other 

rheumatoid conditions or other inflammatory arthritis. Currently in the United States, it is 

estimated that 1.3 million adults are living with RA 91, and a recent study using insurance claim 

data suggests that the prevalence of RA in the US is 0.53 to 0.55% with a higher prevalence in 

females (0.73-0.78%) than in males (0.29-0.31%) 33. The etiology of RA is still unclear. There 

are some well-established risk factors such as gender, racial disparities, certain genetic variants, 

and smoking, while other risk factors (e.g. socio-economic status, environment) have had 

inconsistent findings from past literature. The diagnosis of RA remains challenging. The 

diagnostic guideline was revised in 2010 with the addition of emphasizing roles of serological 

tests, however, the biomarkers being used have relatively low sensitivity (~70%) 3 which means 

there may be false negative results from the tests, and thus more cases of disease may be missed. 

There is a need of development of better diagnostic tool to distinguish RA from other rheumatic 

diseases for effective and targeted treatment.  

In addition to the difficulties in differential diagnosis of RA, the current classification criteria for 

RA also highlights the heterogeneity in the patient population. Under current criteria, if a patient 

who have synovitis in at least 1 joint without an alternative diagnosis and achieve a total score of 

6 or more from the following categories, this patient would be considered as having RA. These 

categories include 16: (1) number and site of involved joints (score range 0–5); (2) serologic 

abnormality (score range 0–3); (3) elevated acute-phase response (score range 0–1); (4) symptom 
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duration (2 levels; range 0–1). Different patients may have different scoring patterns in these 

categories, and these differences may be associated with different pathogenic pathways. Several 

distinct definitions of phenotypes have already been identified based on patients’ level of 

biomarkers and responses to the medications. The observed heterogeneity is associated with the 

progression of RA and therapy outcomes, therefore, better understanding of how the underlying 

pathological and biological mechanisms is needed.  

Finally, currently there is no cure for RA, the treatment of RA is limited to relieve symptoms and 

improve overall wellbeing by stop inflammation, prevent joint and organ damage, and reduce 

long-term complications 1. The progression of the disease and lack of effective treatments makes 

RA patients prone to many adverse health outcomes. Previous studies have demonstrated that 

RA patients are at higher risks of persistent pain, functional disability, fatigue, and depression 

63,81. While these studies compared individuals with RA to control groups determined by specific 

mortality or risk of single disease, a comprehensive study on all-morbidity has not been carried 

out. 

In this dissertation work, I used a “level analysis” framework meaning that I examined RA from 

a systematical and comprehensive point of view. I examined risk factors and predictors of RA 

using information collected before the occurrence of RA, I also examined the concurrent and 

prodromal comorbidities of RA, as well as clinical consequences of the disease. The success of 

this work, along with future research, could provide useful prognostic information and further 

the understanding of RA pathogenesis, identify under-testing or other missed opportunities in 

rheumatology healthcare.  

There are three specific aims for the dissertation: Aim 1: To develop a risk prediction model for 

rheumatoid arthritis (RA) using a multiple domains approach. Aim 2: To identify clinical 
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consequences of RA by assessing the independent association of RA and the risk of diagnosis of 

specific clinical comorbidities. Aim 3: To assess the heterogeneity of prodromal or concurrent 

RDs in patients with RA. To accomplish these objectives, the Florida State database from the 

HCUP was used. A case-control design was used for Aim 1 and 2. In Aim 1, demographics, 

clinical variables, and social-ecological variables were used to build a prediction model for RA 

in an at-risk population. In Aim 2, propensity score matching was used to ensure an appropriate 

comparison group, and a robust statistical framework was used to identify important and 

significant clinical consequences that are associated with RA. In Aim 2, several unsupervised 

statistical learning methods were used to analyze the patterns of the spectrum of rheumatic 

conditions in RA patients. 

Accomplishment of this Dissertation 

In Chapter 2, we aimed to develop a risk prediction model for rheumatoid arthritis (RA) using a 

multiple domains approach, and to identify clinical comorbidities associated with development 

of RA including prodromal and concurrent comorbidities. We utilized a state-wide database of 

inpatient, outpatient and emergency room visits. Patients diagnosed with RA were compared to 

groups of patients with other rheumatic conditions (RD). We analyzed multiple information 

domains (demographic, clinical diagnosis, procedures conducted, social-ecological variables) 

using a collection of statistical and machine learning models with feature selectors. We 

compared sensitivity, specificity and area under the receiver operating characteristic (AUROC) 

of different models using 10-fold cross-validation. A total of 141,729 patients meet inclusion 

criteria, of whom 56,052 were diagnosed with RA and 85,677 with RD. The final model we built 

showed a moderate performance with AUROC of 0.74, sensitivity of 0.68 and specificity of 0.65 

at the optimal cut point. In terms of the discriminative power of individual domain, model using 

socio-ecological domain had the highest AUROC (0.693), followed by clinical diagnosis (0.654), 
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demographic (0.647) and clinical procedures (0.580). We also identified several predictive 

factors for RA. This analysis provided an algorithm that has the potential of improving the 

differential diagnosis and early prediction of RA, which may be used in conjunction with other 

diagnostic information. We also found stronger contribution of socio-ecological domains 

compared with other domains. Future studies examining independent socio-ecological and 

environmental risk factors and predictors of RA are needed. Some of the key messages from this 

chapter can be summarized as: (1) clinical and socio-ecological domains can predict a portion of 

RA in at-risk population; (2) significant contribution of socio-ecological variables was observed 

in RA prediction models; (3) the combination of multiple information domains is needed for 

better risk prediction in the future. 

In Chapter 3, we conducted a comprehensive analysis on all-morbidity among rheumatoid 

arthritis (RA) patients to identify clinical consequences of RA. A state-wide database of 

inpatient, outpatient, and emergency room visits was used. A case-control study was conducted 

by grouping patients who had RA and who had other rheumatic diseases (RD). The two groups 

were matched by propensity score calculated with the Charlson Comorbidity Index and 

Rheumatic Disease Comorbidity Index at 1:3 ratio. Multivariable logistic regression was used to 

assess the associations between RA/RD and disease comorbidities. The adjusted odds ratios of 

RA, AIC, and AUROC of each model were ranked and used to identify important clinical 

consequences of RA. A total of 19,609 RA patients and 58,827 RD patients were included after 

propensity score matching, and a total of 237 clinical conditions (coded by three-digit ICD-9 

codes) were included in the analysis (all above 1% frequency). After fitting regression models, 

the clinical conditions with top OR, AIC or AUROC values were ranked. Among these top 

variables, 8 of them are positively associated with RA, including disorders of lipid metabolism, 
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disorders of fluid electrolyte and acid-base balance, other and unspecified anemias, essential 

hypertension, postinflammatory pulmonary fibrosis, diffuse diseases of connective tissue, other 

disorders of bone and cartilage, and fracture of neck of femur. In this comprehensive analysis on 

RA and risk of clinical comorbidities, several clinical conditions were identified to be potential 

health consequences of RA. The key findings from this chapter can be summarized as (1) in this 

comprehensive big data analysis, we observed patients with RA are prone to various of clinical 

consequences; (2) these clinical consequences are closely related with the pathogenic 

mechanisms of RA. These findings can guide future targeted intervention for RA patients. 

In Chapter 4, heterogeneity has been observed in rheumatoid arthritis (RA) patients in terms of 

serological testing results and gene expression profiling, but other aspects of RA have not been 

examined before. In this analysis, we aimed to explore whether RA patients can be clustered by 

their prodromal or concurrent RDs. RA patients whose first RA diagnosis made after 2010 were 

identified from Florida’s statewide data from the Healthcare Cost and Utilization Project 

(HCUP) database. To explore the patterns of RDs in RA population, several unsupervised 

statistical learning techniques were applied, including k-means clustering (KM), expectation–

maximization (EM) algorithm, and hierarchical clustering (HC). A total of 20,351 RA patients 

were identified. After removing RDs with low frequencies, a total of 13 RDs were included in 

the analysis. Results from HC showed evidence of clusters, but a clear clustered structure was 

not observed. Results from EM and KM clustering suggested that RA patients can be grouped 

based on their RDs, but the patterns of these groups may be the results of diseases progression 

and the accumulations of RDs. A total of 5 classes were identified, including one class with the 

absence of any RDs; two class with higher frequencies in one or two RDs; one class with almost 

every RD at low frequencies; and one class with almost every RD at high frequencies. We 
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observed a large heterogeneity of RDs in RA patients. Although the RDs did not have a clear 

clustered structure, a cumulative structure may present, the clusters identified in this analysis can 

be considered as the sequences of disease progression in RA patients. Future studies are needed 

to confirm our findings, and associate these clusters with other aspects of RA. The key findings 

from this chapter can be summarized as: (1) heterogeneity in the RA population is observed as 

we identified multiple groups of patients; (2) a cumulative pattern in the probabilities and 

prevalence of other rheumatic diseases in different patient classes were observed, suggesting that 

these classes may be the result of disease progression and the accumulation of these rheumatic 

diseases.  

Limitations and Strengths 

There are several limitations of this work, some of them have been discussed in previous 

chapters, but here the limitations will be discussed in a more systematic fashion. First, the data 

used in this work was from one state, although Florida has the third largest population in the 

United States, external validation in other dataset of our findings is needed. Second, for the 

social-ecological domain we analyzed in this work, we only included a limited number of social-

ecological indicators and made broad assumptions on the variables’ characteristics over time and 

space. The usage of a single year to link social-ecological indicators may introduce 

misclassification for variables such as air pollution given their large temporal variations. In 

addition, the socio-ecological variables included in our analysis were obtained from external 

sources at zip code level and were incorporated with patient level data using zip code, the 

measurements of these socio-ecological variables may not be accurate for each individual, future 

studies with individually measured variables could improve the results from this work. 

Second, we only analyzed ten years of the Florida HCUP data, which may have excluded 

patients only seen earlier in the study timeframe and/or patients who do not regularly seek 
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medical care. Third, the use of ICD-9 codes as definition for RA and RD may be problematic. 

We adapted an existing definition of RA in EHR settings: if a patient had two separate ICD 

codes for RA from two distinct visits in 6 months, the patient would be considered as “confirmed 

RA case”. Such classification had 90% sensitivity and about 60% positive predictive value 

(PPV), which means we may have potential misclassification in our study population. Future 

studies that define RA based on serological testing results or additional gold standard are needed. 

Fourth, there are some shortcomings of using ICD-9 ontology. The ICD-9 ontology was 

designed for billing purpose, so clinical interpretations are needed, and the translational 

relevance of using exclusively ICD-9 is limited as the codes need to be translated into other 

ontologies (such as ICD-10). Strategies for semantic integration to link the ICD codes to other 

information domains is needed. In this work, we utilized the hierarchy structure of the ICD-9 

ontology when an identified 3-digit code contains a broad range of conditions, we used the 5-

digit codes under it to identify more meaningful conditions. For example, ICD codes 338 (pain, 

not classified elsewhere) were identified as an important predictor in our analysis, future studies 

that link this ICD code with descriptions of pain from doctors’ notes or patients’ posts on social 

media can be useful. In addition, some of the ICD codes do not always correspond with specific 

condition, which further limits the interpretability and clinical relevance of our findings. For 

example, “Other and unspecified disorder of joint” (ICD-9 code: 719) is not actually a condition, 

but a code that explicitly avoids specifying a condition. Another example is in the hierarchical 

clustering, we found that joint disorders (ICD-9 code: 719) and soft tissue disorders (ICD-9 

code: 729) may be linked, but we do not actually know which joint and soft tissue disorders they 

are. These concerns apply wherever ICD codes that describe a “catch all” class with hedge terms 

like “other” or “unspecified” are used. This particular limitations of ICD-9 makes it difficult to 
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assess whether the signal we picked in our analysis is due to the coding system or “true 

associations”. In addition, the HCUP data only contains diagnosis and procedures for each 

hospital visit, other information domains (such as laboratory testing results, symptoms, doctor’s 

notes) that may be useful for this work were not included, as the result, the prediction models we 

built had limited predictivity and may only be used in conjunction with other clinical diagnostic 

tools. For example, the severity, location, and duration of pain are important for evaluating the 

clinical management of RA, but there is no corresponding information available in the database. 

However, there are many strengths in this work that worth mentioning. First, the sample size in 

this analysis is very large. There are over 20,000 RA patients and over 100,000 RD patients 

included in the analysis, the statistical power of the analysis is high. Second, we used several 

statistically robust methods and measurements during our analysis. These tools provided us the 

opportunities of examining large data sets while maintaining the study validity. In addition, we 

used an “explorative” and “hypothesis-free” approach in this work, which allows us to start from 

a general overarching hypothesis and test a large volume of factors. Such approach is very useful 

for diseases with complex or unclear etiology (such as RA) and could be used to generate 

hypothesis for further testing using traditional epidemiological study designs. Finally, under a 

pure predictive approach, the use of ICD-9 codes are useful as the codes can be pulled 

automatically from an EHR, so that the models and findings from this work can be directly 

applied in external EHR databases. 

Future Directions and Concluding Thoughts 

In this dissertation work, using a multi-domain approach, a level analysis of RA was conducted 

by systematical evaluations characteristics related with RA. We identified some novel predictors 

and clinical consequences of RA, and we examined the patterns of RDs and how they are 

clustered in RA patients. This multi-domain level analysis can be applied in other diseases to 
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explore what the patients look like before the diagnosis, what are the conditions commonly 

appears with the disease, and what would happen after the diagnosis. Through this dissertation 

work, we provided an algorithm that has the potential of improving the differential diagnosis and 

early prediction of RA, it could be used in conjunction with other diagnostic information. 

Stronger contribution of RA from social-ecological domains compared with other domains, 

therefore, future studies could examine independent socio-ecological risk factors and predictors 

of RA. We identified several clinical conditions as potential clinical consequences of RA and 

demonstrated that RA is associated with a variety of physical burdens. These findings suggest 

directions for further investigation into the mechanisms of RA and targeted management of RA 

patients. Finally, we observed heterogeneity of rheumatic diseases in RA patients, although the 

rheumatic diseases did not have a clear clustered structure, a cumulative structure may be 

present. The clusters/classes identified in this analysis can be considered as the sequence of 

disease progression in RA patients. Future studies are needed to confirm our findings, and 

associate these clusters with other aspects of RA.  

In addition to applying the entire conceptual framework of this dissertation work into other 

diseases or health outcomes, research on RA could also be extended from our findings. First, the 

methods and concepts used in Chapter 3 and 4 can be applied to other information domain in this 

data set. For example, procedures associated with RA can be assessed using the methods in 

Chapter 3 to identify which procedures may be the consequences of RA. Future analysis could 

also cluster on other variables to further examine the heterogeneity in RA population. Second, 

because the HCUP does not contain other domains that may be interesting, future studies with 

information from other domains are needed. For example, medication domain would allow us to 

evaluate the effects of RA treatment on health consequences, it can also be used to confirm RA 
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case. Other domains, such as laboratory tests, biomarkers, genetic profiles, and symptoms may 

provide important information for understanding the etiology of RA and to discover RA 

endotypes. One can examine the patterns of the genetics, blood testing, and presentations of 

symptoms (e.g., locations of pain) to identify the associations between different patterns. Future 

studies could also examine whether and how these clusters are associated with the clinical 

outcomes of RA such as comorbidities, treatment responses, etc. 

Statistical and machine learning models are important tools for epidemiologists and clinicians as 

they seek to better understand pathogenesis of complex diseases and to design personalized 

prevention and treatment therapies.  
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