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Abstract 

Heart failure (HF) is a global pandemic affecting more than 26 million patients worldwide. 

Effective management of risk factors is extremely important for reducing heart failure. Lifestyle 

modification can effectively reduce the risk of heart failure but clinical guidelines are generalized 

and not tailored for individuals. This project developed a rule-based framework that automatically 

generates personalized lifestyle modification recommendations for heart failure risk reduction. The 

proposed framework integrates an ensemble learning-based rule discovery model (RuleFit) that 

translates the patient-level profiles into actionable patterns (rules), and a rule-based optimization 

algorithm that searches for the optimal lifestyle modification recommendations based on the 

patient’s unchangeable profile. The proposed framework was applied to a large population in 

Atherosclerosis Risk in Communities (ARIC) study to manage patient risk of fatal coronary heart 

disease events. 
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Chapter 1 
 

Introduction 

Collectively claiming over 655,381 American lives in 2018, diseases of the heart have been 

identified by the Center for Disease Control (CDC) as a leading cause of death in the United States 

(Heron 2019). Yet, approximately 80% of clinical manifestations are preventable by espousing 

lifestyles attentive to the effects of one’s dietary and cardiometabolic risk factors, on cardiovascular 

health and disease prognosis (Yang et al., 2012; Danaei et al., 2009). Patient’s characteristics on 

risk factors such as smoking status, dietary cholesterol, and blood pressure, have been demonstrated 

to engender changes in cardiovascular health (Virani et al., 2020; Chi et al., 2012). Risk factors 

could be categorized into two major classes; “unchangeable” risk factors like a patient’s family or 

drug intake history, which are fixed or simply cannot be modified, and “changeable” risk factors 

like physical activity level, diet and blood lipids, which can be altered directly or indirectly through 

behavioral (lifestyle) changes or pharmacotherapy. According to a meta-analysis on the efficacy of 

lifestyle modifications at preventing the recurrence of cardiovascular events, the incorporation of 

changes to ischemic stroke survivor lifestyle risk factors led to a significant reduction (mean 

difference, -3.6 mm Hg; 95% confidence intervals, -5.6 to -1.6) in systolic blood pressure, a well-

established indicator for cardiovascular mortality (Deijle et al., 2017). 

Evidence-based clinical guidelines, like the AHA Scientific Statement, are population-

generalized lifestyle recommendation protocols aimed to improve cardiovascular health and 

disease outcomes over the whole population (Virani et al., 2020). Clinical guidelines recommend 

specific thresholds of diet and lifestyle, such as limit dietary cholesterol to <300 mg per, total 

carbohydrate intake between 45% and 65% of energy, etc. (Lichtenstein et al., 2006). However, 

generalized recommendations optimized for the whole population fail to consider individuals’ 
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particular characteristics and preferences towards recommended lifestyle modifications. 

Additionally, this method performs poorly at ensuring lifespan adherence to intervention plans 

(U.S. Department of Agriculture 2017; Chi et al., 2012).  

Conversely, individualized lifestyle recommendations have been shown to improve disease 

outcomes, minimize cost, and increase patient adherence (Lin et al., 2018; Chi et al., 2012; Beck et 

al., 2010). An analysis by Beck et al., (2010) posits that even in cases where a generalized 

intervention is shown to be effective, individualized interventions may produce better outcomes at 

lower cost. The tailored approach to lifestyle recommendation utilizes a blend of effective 

communication, adequate medication and lifestyle recommendations, to create a recommendation 

protocol for a specific individual or risk group. The increased personal relevance from 

personalizing interventions, engenders individuals to take more active roles in their health; 

increasing their commitment and predilection to behavioral changes (Enwald and Huotari 2010; 

Oenema et al., 2005; Kreuter and Wray 2003).  

Advancements in data generation, storage, and analysis, steer an age of big data analytics 

globally. Specifically, digitized data relating to the past, present, or future physical and mental 

health of individuals, commonly referred to as Electronic Health Records (EHR), are created and 

meticulously maintained for the primary purpose of providing healthcare and health-related 

services. EHR data offer an abundance of patient-level information that have been leveraged by 

researchers to develop expert systems for informing disease diagnosis, patient risk management, 

personalized monitoring strategies and other medical decision making problems (Lin et al., 2018; 

Chi et al., 2012; Prasadl et al., 2011; Shortliffe et al., 1975). Expert systems are decision-making 

computer algorithms designed to solve specific, complex real-world problems, by emulating 

intelligent human decision making. Generally, expert systems consist of four components: a 

knowledge base, an inference system, a knowledge acquisition system, and a communication or 

user interface system (Schmalhofer 2001; Jackson 1999). Traditional expert systems, like the 

MYCIN program (Shortliffe et al., 1975), utilize a knowledge base of rules obtained from direct 
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input of literature evidence and domain expert knowledge to make recommendations. However, 

these expert systems are often costly as they require regular evolutionary maintenance (knowledge 

acquisition), to avert performance impairments from knowledge base obsolescence (Watson et al., 

1992). On the other hand, expert systems built from machine learning (ML) methods evade the 

knowledge acquisition problem by basing inferences exclusively on new knowledge accentuated 

directly from data (Chi et al., 2012; Prasadl et al., 2011). Assume a set of labelled clinical cases 

that act as examples. Supervised machine learning methods “learn” new knowledge by creating 

complex characterizations of relationships between a set of patient characteristics (independent 

variables) and observed disease outcomes (dependent variable). This compilation process is called 

training. Discovered relationships are customarily summarized by a decision function (knowledge 

base of the expert system) often expressed as simple rules, decision trees, and linear or non-linear 

functions.  

Machine learning algorithms like support vector machines, artificial neural networks, 

random forests and decision trees, equipped with decision functions of varied complexities, foster 

early detection of subtle changes to patient cardiovascular disease (CVD) risk. Identifying and 

capturing significant patient-specific interactions, between risk factors, is pivotal for personalized 

prognostics. Given the high prevalence of heart disease cases, early detection and treatment of 

individuals with poor risk factor levels could have a substantial impact on public health (Mandal 

and Sairam 2012; Duprez 2006). According to a modelling study by Kontis et al., (2014), realizing 

current global risk factor targets for tobacco and alcohol use, salt intake, obesity, and raised BP and 

glucose alone, may delay or prevent more than 23 million deaths (11.4 million in people aged 30–

69 years and 15.9 million in people aged ≥ 70 years) from cardiovascular diseases by 2025 (Smith 

et al., 2012). Additionally, the meticulous use of machine learning methods on available EHR data, 

pioneers a transition from generalized lifestyle recommendations optimized for a whole population 

to tailored recommendations based on patient-specific characteristics (Chi et al., 2012). Summarily, 

we conjecture that proactively exploring patient databases, for CVD-risk minimizing lifestyle 
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recommendations, could improve public health by precluding the occurrence of avoidable clinical 

manifestations (Lin et al., 2018; Deijle et al., 2017; Kontis et al., 2014; Beck et al., 2010).  

However, despite tremendous support for the benefits of applying ML-based expert 

systems to EHR datasets, and their success at early identification of disease trajectories, little 

progress has been made in employing the use of machine learning methods to generate 

individualized lifestyle modification plans for heart disease prevention (Lin et al., 2018; Lin et al., 

2014; Chi et al., 2012; Mandal and Sairam 2012; Prasadl et al., 2011). Chi et al., (2012) used an 

instance-based or lazy learning algorithm, k-Nearest Neighbor (kNN) as its supervised classifier, 

to build a decision support system for tailored interventions. Lazy learning algorithms differ from 

their eager learning counterparts used in this work, by postponing induction until classification. 

That is, in case-based prediction, the knowledge base consists solely of previous cases, including 

the problem, the solution, and the outcome, stored in a central location, called the case library 

(Watson and Marir 1994). As a result, to obtain the solution for a query case, kNN identifies the 

stored case(s) most similar to the problem, and proposes a solution adapted from the retrieved case. 

There are two major limitations to this approach (Aha 1992). First, the kNN algorithm is 

particularly vulnerable to irrelevant or misleading features, which could limit the quality of 

recommendations. Secondly, current solutions to the high storage requirements of instance-based 

classifiers, often introduce an increased sensitivity to noise. Chi et al (2012) argue that current 

advanced machine learning models trade-off model interpretability for high performance. Their 

research intimates that black-box or opaque decision making functions can introduce severe 

consequences on errors, hence their use of a case-based lazy learner for classification. We improve 

on their work by employing the use of an easy-to-understand proof-of-concept algorithm that 

performs comparatively to the best methods. Additionally, we introduce a novel approach to 

personalized lifestyle modifications derived from a low complexity and computational cost 

optimization problem. 
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We propose a data-driven rule-based expert system, designed to identify patient-centered 

lifestyle modification recommendations, that has potential to reduce future risk of fatal heart 

disease events. The proposed framework employs an advanced predictive learning ensemble, 

RuleFit (Friedman and Popescu 2008), to generate a comprehensive set of CVD-risk predictive 

rules (knowledge base) from epidemiologic data. Here, a “rule” refers to a conjunction of ≥ 1 simple 

statement(s), that characterize a range of values for each associated patient characteristic e.g., 

𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑓𝑓𝑑𝑑𝑓𝑓𝑑𝑑𝑑𝑑 ≥ 22.87  𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔
𝑑𝑑𝑔𝑔𝑑𝑑

𝑑𝑑𝑎𝑎𝑑𝑑 𝑔𝑔𝑑𝑑𝑎𝑎𝑑𝑑𝑑𝑑𝑑𝑑 = 𝑓𝑓𝑑𝑑𝑓𝑓𝑑𝑑𝑓𝑓𝑑𝑑 . Each data-driven rule serves to (1) 

segment the population into uniform subgroups, where individuals within a group tend to have 

similar behavior, risk patterns or treatment outcomes, (2) indicate either an increase or decrease in 

predicted risk of disease progression or manifestation (Lin et al., 2014). For each patient, a tailored 

risk estimate can be obtained by looking into the subset of rules endorsed or supported by the 

individual’s current risk factor values. Next, a rule-based optimization model is proposed to search 

for the optimal modification recommendations for a particular patient based on his/her 

unchangeable risk factors. We formulate the model as an integer programming problem and adapt 

the SigMod algorithm (Liu et al., 2017) to efficiently solve it, which recommends a set of densely 

correlated decreasing risk rules for a query patient (inference system).  

Our expert system prescribes individualized lifestyle recommendations by modifying the 

endorsements of rules associated with changeable risk factors, such that each patient’s risk of CVD 

is minimized. The contributions of this work to scientific discourse can be summarized as follows: 

(1) we discover a novel and inclusive set of risk predictive rules for CVD prognosis; (2) we 

introduce a novel personalized expert system to identify a set of data-driven rules, for personalized 

lifestyle modification recommendations and disease risk management. RuleFit is chosen to build 

our expert system knowledge base for two unassuming reasons. First, discovered rules take the 

form of conjunctive simple statements that are easy-to-interpret by non-subject matter experts. 

Secondly, despite being ML-based, ensembles are very transparent allowing stakeholders to 
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understand how exactly CVD risks are computed and why the expert system suggested that a 

particular behavioral change will result in increased or decreased risk of disease prognosis.  

Additionally, rule ensembles are generally robust to noise and produce comparable predictive 

accuracies to the best classification methods (Friedman and Popescu 2008).  

In machine learning, the predictive capability of trained models is evaluated through a 

process commonly referred to as validation. We test model generalizability to ensure that reported 

performance estimates obtained from training are somewhat consistent with results from real world 

applications. A number of approaches have been suggested to implement this idea (Branco et al., 

2015). The k-fold cross validation technique is leveraged to evaluate predictive performance. In k-

fold cross-validation, we partition the data into k equal (or near equal) sized segments or folds. 

Reported performance metrics are then based on the average scores of these k training instances 

(Refaeilzadeh et al., 2009). 

The remainder of this work is organized in the following chapters. Chapter 2 introduces 

the reference EHR dataset, as well as the components of the prognostic patient-centered lifestyle 

modification system developed. In Chapter 3 we illustrate experimental results and discuss a 

lifestyle recommendation plan for a case patient. Lastly, conclusions reached by this study are 

summarized in Chapter 4. 
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Chapter 2 

Methodology  

A graphical overview of the personalized lifestyle modification framework proposed in 

this study is illustrated in Figure 1, which integrates an ensemble learning-based rule discovery 

model (RuleFit) that translates the EHR data into actionable patterns (rules), and a rule-based 

optimization algorithm that searches for the optimal lifestyle modification recommendations based 

on patient’s unchangeable profile. The EHR data used for this study is introduced in Section 2.1. 

Next, we transform the data by applying discretization and one-hot encoding techniques, to reduce 

the effect of outliers and improve computation time (Section 2.2). Then, we randomly split the data 

into training and validation sets (9:1 ratio). Next, we discover a comprehensive set of data-driven 

predictive rules using the RuleFit model introduced in Section 2.3. By representing each patient 

with a personalized network of their unique set of endorsable rules, we apply a novel network-

assisted optimization algorithm to prescribe individualized lifestyle modifications for CVD 

management (Section 2.4).  The primary research method for this study is the Python programming 

language for statistical computing on a 64-bit Windows 10 Intel ® Core™ i7-8550U CPU @ 

2.00GHz. 
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Figure 1: Personalized framework for the data-driven rule-based lifestyle recommendation expert system. 

 

2.1 Data  

With its well-defined cohorts, long-term follow-up, and careful documentation of risk 

factors and events, the Atherosclerosis Risk in Communities (ARIC) study (1987 – 1998) provides 

an opportunity to investigate the effectiveness of lifestyle modifications on CVD risk. The 

prospective epidemiologic study comprised of a Cohort Component and a Community Surveillance 

Component (Howard et al., 1998). The Cohort Component began in 1987. Participants aged 45-64 

were randomly selected and recruited from four US communities (Washington County MD, 

Forsyth County NC, Jackson MS, and Minneapolis MN). During the study, subjects received an 

extensive examination, including lab tests, medical history, social determinants, demographic 

information and self-reported lifestyle behavior. Participants were re-examined every three years 

with the first screen (baseline) occurring in 1987-89. 10-year heart disease outcomes of participants 

were compiled from the self-reported questionnaire on lab examinations in the Community 

Surveillance Component of the ARIC study. The outcome of Fatal Coronary Heart Disease 

(FATCHD), one of the most common heart diseases (42.6% prevalence) is used (Virani et al., 

2020). After removing the patients with CVD history before the baseline, we compile a dataset with 

10,774 patients for this study.  
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2.2 Data transformation 

Let 𝑿𝑿 = �𝑿𝑿𝟏𝟏, 𝑿𝑿𝟐𝟐, … ,𝑿𝑿𝒑𝒑� denote 𝒑𝒑 variables readily obtainable from usual patient care. 

We selected 40 patient variables according to Chi et al., (2012) and inputs from a domain expert. 

The selected variables characterize each patient based on 15 unchangeable risk factors, and 25 

behavioral and physiological variables (changeable risk factors). 𝐷𝐷𝑑𝑑𝑑𝑑𝑓𝑓𝑑𝑑𝑑𝑑𝑑𝑑𝐷𝐷 was defined by an 

eight-hour fasting blood sugar level ≥ 140 𝑓𝑓𝑔𝑔/𝑑𝑑𝑑𝑑. The 𝑑𝑑𝑡𝑡𝑑𝑑𝑑𝑑𝑓𝑓 𝑑𝑑𝑎𝑎𝑑𝑑𝑑𝑑𝑎𝑎𝑑𝑑𝑑𝑑𝑑𝑑 ℎ𝑡𝑡𝑜𝑜𝑑𝑑𝐷𝐷 𝑝𝑝𝑑𝑑𝑑𝑑 𝑤𝑤𝑑𝑑𝑑𝑑𝑤𝑤 for each 

patient was estimated from the sum of reported weekly physical activity level at work, during 

leisure time, and while at sport. Values for the 𝑆𝑆𝑑𝑑𝐷𝐷𝑑𝑑𝑡𝑡𝑓𝑓𝑑𝑑𝑎𝑎 𝑑𝑑𝑎𝑎𝑑𝑑 𝐷𝐷𝑑𝑑𝑑𝑑𝐷𝐷𝑑𝑑𝑡𝑡𝑓𝑓𝑑𝑑𝑎𝑎 𝐵𝐵𝐵𝐵 𝑑𝑑𝑎𝑎𝑑𝑑𝑑𝑑𝑑𝑑𝑔𝑔𝑑𝑑 (𝑓𝑓𝑓𝑓𝑚𝑚𝑔𝑔), 

were calculated as the mean of two independent measurements for each respective variable. We 

define the outcome, 𝒀𝒀𝒊𝒊, as 1 if patient 𝑑𝑑, 𝑑𝑑 = 1, … ,𝑁𝑁 experiences a Fatal Coronary Heart Disease 

(FATCHD) event in the 10-year follow-up, and 0 otherwise. 

Table 1: Variables from ARIC study used for lifestyle recommendation 

# Features Quintile bins 
 Directly Changeable  

1 Body mass index (kg/m^2) [23.12, 25.49, 27.84, 31.25] 
2 Dietary cholesterol (mg/day) [144.36, 198.48, 254.61, 336.58] 
3 Current smoking status  [0, 1] 
4 Dietary fiber (g/day) [10.27, 13.91, 17.68, 22.87] 
5 Ethanol intake (g/week) [0, 66] 
6 Total activity hours per week [5.75, 6.23, 7.38, 8.25] 
7 Carbohydrate (%kcal) [41.32, 46.52, 50.80, 56.13] 
8 Protein (%kcal) [14.57, 16.69, 18.69, 21.03] 
9 Saturated fat (%kcal) [9.64, 11.27, 12.67, 14.31] 

10 Total fat (%kcal) [27.56, 31.45, 34.65, 38.31] 

11 
Total calorie intake from dietary and ethanol consumption 
(kcal/day)  

[1075.89, 1363.60, 1650.93, 
2052.37] 

 Indirectly Changeable   
12 Waist girth to nearest CM [84, 92, 98, 107] 
13 Hip girth to nearest CM [96, 101, 105, 111] 
14 Apolipoprotein A (mg/L) [109, 1250, 1400, 1590] 
15 Apolipoprotein B (mg/L) [680, 820, 950, 1130] 
16 Creatinine (mg/dL) [0.9, 1, 1.1, 1.2] 
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Table 1 (continued) 

# Features Quintile bins 
17 Heart rate [58, 63, 68, 75] 
18 HDL cholesterol (mmol/L) [1, 1.22, 1.42, 1.71]  
19 White blood count [4.5, 5.3, 6.1, 7.3] 
20 LDL cholesterol (mmol/L) [2.67, 3.20, 3.65, 4.25] 
21 Lipoprotein(a) (UG-ML) [19, 44, 86, 165] 
22 Systolic BP average (mmHg) [105, 114, 122, 134] 
23 Diastolic BP average (mmHg) [64, 70, 75, 82] 
24 Total cholesterol (mmol/L) [4.65, 5.20, 5.66, 6.31] 
25 Total triglycerides (mmol/L) [0.80, 1.05, 1.37, 1.83] 

 Unchangeable   
26 Standing height to nearest CM  [160, 165, 170, 177] 
27 Sex  [female: 1, male: 0] 
28 Race  [black: 1, non-black; 0] 
29 Age at visit 1 [min: 44, max: 66] 
30 Anticoagulant medication use within past 2 weeks [0, 1] 
31 Asprin medication use within past 2 weeks [0, 1] 
32 Cholesterol lowering medication use within past 2 weeks [0, 1] 
33 Diabetes history [0, 1] 
34 Smoking history [0, 1] 
35 Hypertension history [0, 1] 

36 
Blood pressure lowering medication use within past 2 
weeks [0, 1] 

37 Hypertension lowering medication use within past 2 weeks  [0, 1] 
38 Statin medication use within past 2 weeks [0, 1] 
39 Cigarette years of smoking  [0, 240, 600] 

40 Education level 

[(1) grade school or 0 years 
education, (2) high school, but no 
degree, (3) high school graduate (4), 
vocational school, (5) college (6) 
graduate school or professional 
school] 

 

Missing values are a wide spread problem common to data analysis in many domains. 

Specifically, in medical applications, missing values in patient data are often unavoidable (Chi et 

al., 2012).  They may arise as a result of unwillingness by patients to answer questionnaires, 

inclusivity of test results, among others. In this project, we employ a round-robin multivariate 
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imputation technique to model each feature with missing values as a function of other features. 

This method avoids the overrated precision problem introduced by simple imputation methods (like 

mean or median values) and boasts comparatively low bias by continually applying regression for 

each estimated value (Schmidt et al., 2015).  

Next, to simplify our solution to the pertinent problem and increase model robustness 

against variables in vastly different scales, we discretized all continuous patient variables (except 

𝑑𝑑𝑔𝑔𝑑𝑑 𝑑𝑑𝑑𝑑 𝑓𝑓𝑑𝑑𝑑𝑑𝐷𝐷𝑑𝑑 𝑎𝑎𝑑𝑑𝐷𝐷𝑑𝑑𝑑𝑑) to equal frequency bins. Undoubtedly, we cannot make recommendations on 

a patient’s age when they joined the study. In our method, this variable is used to introduce an 

additional layer of uniqueness to recommended lifestyles. Cutoffs used for variable discretization 

correspond with calculated quintile values unique to each variable. For example, the conditions 

used to create the five bins for 𝐷𝐷𝑑𝑑𝐷𝐷𝑑𝑑𝑡𝑡𝑓𝑓𝑑𝑑𝑎𝑎 𝐵𝐵𝐵𝐵 𝑑𝑑𝑎𝑎𝑑𝑑𝑑𝑑𝑑𝑑𝑔𝑔𝑑𝑑 variable correspond to: < 105 mmHg, ≥ 105 

mmHg and < 114 mmHg, ≥ 114 mmHg and < 122 mmHg, ≥ 122 mmHg and < 134 mmHg, and ≥ 

134 mmHg. This information, summarized for all predictors is shown in Table 1. Finally, the 

discretized levels were converted to binary variables using one-hot encoding, where we dropped 

the first level to remove redundancy. 

 

2.3 Data-driven rule discovery  

Learning ensembles are among the most powerful algorithms used in predictive learning. 

RuleFit (Friedman and Popescu 2008) is a computationally efficient rule discovery algorithm used 

to find interactions between variables, as well as quantify the strength and degree of identified 

interactions. We use RuleFit to uncover rules from patients’ fixed, dietary and cardiometabolic risk 

factors, hypothesized to be predictive of risk trajectories. The data-driven rule discovery process is 

marked by two major phases, the “rule generation” and “rule pruning” phases. 
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2.3.1 Rule generation 

Gradient boosting (Friedman 2002) is used to train many regression trees in a gradual, 

additive and sequential manner. Trained decision trees are built in a greedy fashion, by selecting 

the best split values to minimize the Friedman mean squared error. Weak learners are iteratively 

added to the model without altering existing models. A gradient descent approach is used to add 

new tree and produce a weighted combination of weak classifiers that optimize cost. Since decision 

trees by nature employ a set of rules (defined along each interior and terminal node) to characterize 

subpopulations, we assume that the boosted ensemble is an all-inclusive collection of rules that 

label the entire dataset (Lin et al., 2014).  

Rule complexity (number of risk factors in each rule) is controlled by the height of its 

parent decision tree. We define the rule ensemble, {𝑹𝑹𝒊𝒊}𝟏𝟏𝑲𝑲,as the collection of rules obtained from 

the gradient boosted trees, where 𝒌𝒌 is the total number of rules generated from all trees. Figure 2 

illustrates the RuleFit algorithm. Shown are two possible rules that could be identified from a 

decision tree.  

Rule 1: 𝐵𝐵𝐵𝐵𝐵𝐵 ∈ [23.12, 25.49] 𝑑𝑑𝑎𝑎𝑑𝑑 𝑔𝑔𝑑𝑑𝑎𝑎𝑑𝑑𝑑𝑑𝑑𝑑 ==  𝑓𝑓𝑑𝑑𝑓𝑓𝑑𝑑𝑓𝑓𝑑𝑑 
Rule 2: 𝐵𝐵𝐵𝐵𝐵𝐵 ∉  [23.12, 25.49] 𝑑𝑑𝑎𝑎𝑑𝑑 𝑑𝑑𝑔𝑔𝑑𝑑 <  52.5 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝐷𝐷 and 𝑑𝑑𝑑𝑑𝑑𝑑𝑓𝑓𝑑𝑑𝑑𝑑𝑑𝑑𝐷𝐷 ==  𝑑𝑑𝑑𝑑𝐷𝐷 
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Figure 2: An example to elucidate the RuleFit algorithm 

2.3.2 Rule pruning  

Given the high-dimensional rule ensemble produced in the last step, we apply a regularized 

linear regression model to select the subset of rules, such that model variance is maximally 

minimized. The goal of this phase is to obtain the pool of 𝑞𝑞 candidate rules denoted as {𝑹𝑹𝒊𝒊}1
𝑞𝑞 with 

non-zero coefficients 𝜷𝜷, which are significantly predictive to the output variable 𝒀𝒀 (Tibshirani 

2011; Friedman and Popescu 2008). The decision function is given as 𝑓𝑓𝑑𝑑𝑎𝑎
𝛃𝛃

||𝒀𝒀 − 𝑹𝑹𝛃𝛃||22 + λ||𝛃𝛃||1 

(1). Where, the first term, ||𝒀𝒀 − 𝑹𝑹𝛃𝛃||22, provides a measure of model fit by calculating the square 

error for each prediction task. The regularization term, λ||𝛃𝛃||1, penalizes models with large values 

for coefficients of selected rules. The L1-norm penalty �|𝛃𝛃|�1 , provides a measure of model 

complexity, equal to the absolute value of the sum of selected coefficients. 𝜆𝜆 ≥ 0 is a tuning 
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parameter to control the influence of the lasso – larger 𝜆𝜆 values will result in sparser estimates for 

𝛃𝛃. Typically, a vast majority (~80% to 90%) of coefficient estimates are set to zero. Additional 

computational details on the operation of the RuleFit ensemble are outlined in the work by 

Friedman and Popescu (2008). 

 

2.4 Rule-based lifestyle recommendation 

We use a set of binary variables, 𝑹𝑹𝒊𝒊, 𝒊𝒊 = 𝟏𝟏, …𝒒𝒒,  to represent the endorsements of rules 

discovered from the training data, where 𝑹𝑹𝒊𝒊 = 𝟏𝟏 if the patient endorses the 𝑑𝑑th rule and 𝑹𝑹𝒊𝒊 = 𝟎𝟎 

otherwise. To improve lifestyle behavior for CHD disease prevention, we modify the endorsements 

of the rules associated with behavior factors. Denoting the indexes of modifiable rules as Ω, the 

proposed method aims to find which rules in Ω should be endorsed and which should not be 

endorsed, so that the patient’s risk of CHD disease is minimized. A patient’s 10-year risk score for 

FATCHD manifestation, Ɖ = ∑ 𝜷𝜷𝒊𝒊𝑹𝑹𝒊𝒊𝑖𝑖∈Ω  (2). Here, 𝜷𝜷𝒊𝒊 indicates the coefficient of the 𝑑𝑑th rule as 

obtained from the rule-based logistic regression model. We classify rules as either increasing or 

decreasing risk depending on their perceived global propensity on patients’ risk scores. 

Specifically, a rule 𝑅𝑅𝑐𝑐  𝜖𝜖 {𝑹𝑹𝒊𝒊}1
𝑞𝑞 is named risk decreasing if a patient’s support for this rule reduces 

Ɖ (i.e. 𝛽𝛽𝑐𝑐 < 0). Conversely, 𝑅𝑅𝑐𝑐 is labelled risk increasing if patients inflate Ɖ when they endorse 

this rule (i.e. 𝛽𝛽𝑐𝑐 > 0). Likewise, the observed inflation to Ɖ is commensurate with the magnitude 

of 𝛽𝛽𝑐𝑐 .  

Rules with controversial contents cannot be conjointly satisfied, while rules with similar 

content are usually endorsed together. We consider the dependency between rules as a correlation 

network 𝑾𝑾𝒊𝒊𝒊𝒊 , where each element represents the absolute value of the Pearson correlation 

coefficient r, between the 𝑑𝑑 th and 𝑗𝑗th rules. The proposed expert system recommends optimal 

lifestyle modifications, by selecting a subset of risk reducing rules to endorse from Ω, that minimize 

the network regularized binary decision function (equation 3). The network parameter 
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𝑾𝑾𝒊𝒊𝒊𝒊�𝑹𝑹𝒊𝒊 − 𝑹𝑹𝒊𝒊�, 𝑑𝑑, 𝑗𝑗 ∈ Ω encourages similar rules to be endorsed together by penalizing lifestyle 

formulations comprised of incongruous rules. The objective function is given as 

min
𝑅𝑅𝑖𝑖∈{0,1},𝑖𝑖∈𝛀𝛀 

∑ 𝜷𝜷𝒊𝒊𝑹𝑹𝒊𝒊𝑖𝑖∈𝛀𝛀 + 𝜎𝜎∑ 𝑾𝑾𝒊𝒊𝒊𝒊�𝑹𝑹𝒊𝒊 − 𝑹𝑹𝒊𝒊� +  𝛼𝛼∑ 𝑅𝑅𝑖𝑖𝑖𝑖∈𝛺𝛺𝑖𝑖,𝑗𝑗∈𝛀𝛀  (3). Here, 𝜎𝜎 is a tuning parameter to 

control the effect of the network regularization term on the recommended solution. Larger 𝜎𝜎 values 

tend to force similar rules to be endorsed and controversial rules to be mutually excluded. 𝛼𝛼 is a 

tuning parameter used to control the sparsity of rules in a patient’s recommended lifestyle plan. 

Larger values for 𝛼𝛼 foster sparser solutions. The optimal solution to Equation 3 can be viewed as 

the set of parameters 𝜎𝜎 𝑑𝑑𝑎𝑎𝑑𝑑 𝛼𝛼, responsible for the largest risk difference between the patients 

original and recommended lifestyles.    

 

2.5 Evaluation Metrics 

To ensure generalizability of our expert system, we use the 10-fold cross validation 

procedure to tune model parameters and report AUC performance estimates. First, we randomly 

divide the training data into 10 subsets, ensuring that the same proportion of unhealthy patients in 

the global dataset, is maintained in each of the 10 subsets. After, 10 iterations of training and 

validation are performed, such that within each iteration a different fold is held-out for validation 

while the remaining 9 folds are used for model learning.  

The confusion table provides a summary of the model performance based on the number 

of correctly and incorrectly labelled samples by the expert system (Table 2). Here, we again avoid 

an overstatement of prediction performance by using a virgin validation set (excluded from model 

training) to weigh results from a given prediction task. True positives (TP) and true negatives (TN) 

denote the number of correct risk predictions for diseased and healthy patients respectively. False 

positives (FN) and false negatives (FN) on the other hand, correspondingly specify incorrect 

classifications due to type I and type II errors.   
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Table 2: A confusion matrix showing predicted versus actual disease outcomes 

 Actual 
 Healthy FATCHD 

Pr
ed

ic
te

d Healthy  TN FN 

FATCHD FP TP 
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Chapter 3 

Results  

3.1 Data-driven rule discovery. 

We transform 40 clinical risk factors by sequentially engaging in quintile based 

discretization and onehot encoding, to reduce variability introduced by modelling variables in 

different scales. We apply a Python implementation of the RuleFit model on the transformed 

dataset, and generate 146 rules. From this original ruleset, we select 116 significant rules (Appendix 

A) based on a sparse logistic regression model. As previously prescribed, we catalogue 76 rules as 

risk increasing and 40 as risk decreasing rules based on computed 𝜷𝜷𝒊𝒊 values. The top 10 FATCHD 

risk predictive rules based on the logistic regression model are shown in Table 3. For instance, from 

the top risk-predictive rules, endorsements of rule17, rule85, rule11, rule41, rule47, and rule42 

are associated (to varying magnitudes) with a decrease in predicted risk of FATCHD manifestation. 

In Table 3, support refers to the proportion of the training data that endorse that particular rule. 

Table 3: Top 10 rules selected by rule-based expert system 

Rank Rule Definition β Support 
1 rule17 Cigarette years of smoking < 240 and Diabetes history == 0  -0.24733 0.726279 
2 rule85 Systolic BP average (mmHg) < 122  -0.19944 0.583643 
3 rule31 Diabetes history == 1 and Age at visit 1 > 48.5  0.224018 0.068585 
4 rule11 Apolipoprotein B (mg/L) < 1130 and Age at visit 1 <= 55.5  -0.20783 0.500619 
5 rule41 Sex == Female and Cigarette smoking status == 0 -0.24613 0.449773 

6 rule47 
Hypertension history == 0 and LDL cholesterol (mmol/L) ∉ 
[3.65, 4.25]  -0.1661 0.594988 

7 rule26 Diabetes history == 1 and Creatinine (mg/dL) ∉ [1, 1.1]  0.182309 0.065078 

8 rule42 
Sex == Female and Age at visit 1 <= 62.5 and Creatinine 
(mg/dL) < 1.2  -0.24947 0.487933 

9 rule25 
Diabetes history == 0 and Hypertension history == 0 and 
Standing height to nearest CM ∉ [170, 177] -0.18791 0.553837 

10 rule12 Creatinine (mg/dL) ∉ [0.9, 1] and White blood count ≥ 7.3 0.127635 0.167389 
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The three widely accepted risk factors for heart disease: blood pressure, cholesterol and 

smoking (Virani et al., 2020; Fryar et al., 2012), are significantly involved in the top ten rules in 

Table 3. Moreover, reported cutoff points used for risk factors in each rule discovered by RuleFit 

often correspond with results from existing studies. For instance, according to the Seventh Report 

of the Joint National Committee on Prevention, Detection, Evaluation, and Treatment of High 

Blood Pressure (2003 Guideline), patients can be classified into three risk categories based on 

systolic and diastolic BP; 𝑎𝑎𝑡𝑡𝑑𝑑𝑓𝑓𝑑𝑑𝑓𝑓: 𝐷𝐷𝑑𝑑𝐷𝐷𝑑𝑑𝑡𝑡𝑓𝑓𝑑𝑑𝑎𝑎 ≤ 120 𝑓𝑓𝑓𝑓𝑚𝑚𝑔𝑔 & 𝑑𝑑𝑑𝑑𝑑𝑑𝐷𝐷𝑑𝑑𝑡𝑡𝑓𝑓𝑑𝑑𝑎𝑎 ≤ 80 mmHg,

𝑑𝑑𝑑𝑑 𝑑𝑑𝑑𝑑𝐷𝐷𝑤𝑤 (𝑝𝑝𝑑𝑑𝑑𝑑ℎ𝑑𝑑𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑎𝑎𝑑𝑑𝑑𝑑𝑡𝑡𝑎𝑎): systolic ∈ [120 to 139] 𝑓𝑓𝑓𝑓𝑚𝑚𝑔𝑔 & 𝑑𝑑𝑑𝑑𝑑𝑑𝐷𝐷𝑑𝑑𝑡𝑡𝑓𝑓𝑑𝑑𝑎𝑎 ∈ [80 to 89] 𝑓𝑓𝑓𝑓𝑚𝑚𝑔𝑔,

𝑑𝑑𝑎𝑎𝑑𝑑 ℎ𝑑𝑑𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑎𝑎𝐷𝐷𝑑𝑑𝑡𝑡𝑎𝑎 (𝑚𝑚𝑑𝑑𝑔𝑔ℎ 𝐵𝐵𝐵𝐵): 𝐷𝐷𝑑𝑑𝐷𝐷𝑑𝑑𝑡𝑡𝑓𝑓𝑑𝑑𝑎𝑎 ≥ 140 𝑓𝑓𝑓𝑓𝑚𝑚𝑔𝑔 & 𝑑𝑑𝑑𝑑𝑑𝑑𝐷𝐷𝑑𝑑𝑡𝑡𝑓𝑓𝑑𝑑𝑎𝑎 ≥ 90 𝑓𝑓𝑓𝑓𝑚𝑚𝑔𝑔  (Chobanian 

et al., 2003).  

Similar results are also reported by the American College of Cardiology/AHA Guideline 

for the Prevention, Detection, Evaluation, and Management of High Blood Pressure in Adults (2017 

Guideline); 𝑎𝑎𝑡𝑡𝑑𝑑𝑓𝑓𝑑𝑑𝑓𝑓: 𝐷𝐷𝑑𝑑𝐷𝐷𝑑𝑑𝑡𝑡𝑓𝑓𝑑𝑑𝑎𝑎 ≤ 120 𝑓𝑓𝑓𝑓𝑚𝑚𝑔𝑔 & 𝑑𝑑𝑑𝑑𝑑𝑑𝐷𝐷𝑑𝑑𝑡𝑡𝑓𝑓𝑑𝑑𝑎𝑎 ≤ 80 mmHg, 𝑑𝑑𝑓𝑓𝑑𝑑𝑎𝑎𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑: systolic ∈

 [120 to 129] 𝑓𝑓𝑓𝑓𝑚𝑚𝑔𝑔 & 𝑑𝑑𝑑𝑑𝑑𝑑𝐷𝐷𝑑𝑑𝑡𝑡𝑓𝑓𝑑𝑑𝑎𝑎 ≤ 80 mmHg, 𝑑𝑑𝑎𝑎𝑑𝑑 ℎ𝑑𝑑𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑎𝑎𝐷𝐷𝑑𝑑𝑡𝑡𝑎𝑎 (𝑚𝑚𝑑𝑑𝑔𝑔ℎ 𝐵𝐵𝐵𝐵):  𝐷𝐷𝑑𝑑𝐷𝐷𝑑𝑑𝑡𝑡𝑓𝑓𝑑𝑑𝑎𝑎 ≥

130 𝑓𝑓𝑓𝑓𝑚𝑚𝑔𝑔 & 𝑑𝑑𝑑𝑑𝑑𝑑𝐷𝐷𝑑𝑑𝑡𝑡𝑓𝑓𝑑𝑑𝑎𝑎 ≥ 80 𝑓𝑓𝑓𝑓𝑚𝑚𝑔𝑔  (Whelton et al., 2018). Our results are congruent with 

theirs: For instance, rule85, 𝑆𝑆𝑑𝑑𝐷𝐷𝑑𝑑𝑡𝑡𝑓𝑓𝑑𝑑𝑎𝑎 𝐵𝐵𝐵𝐵 𝑑𝑑𝑎𝑎𝑑𝑑𝑑𝑑𝑑𝑑𝑔𝑔𝑑𝑑 (𝑓𝑓𝑓𝑓𝑚𝑚𝑔𝑔)  <  122 , considered a risk 

decreasing rule, suggests a factor level which is close to the established standard for normal 

(healthy) patients. Similarly, rule94, 𝐷𝐷𝑑𝑑𝑑𝑑𝐷𝐷𝑑𝑑𝑡𝑡𝑓𝑓𝑑𝑑𝑎𝑎 𝐵𝐵𝐵𝐵 𝑑𝑑𝑎𝑎𝑑𝑑𝑑𝑑𝑑𝑑𝑔𝑔𝑑𝑑 (𝑓𝑓𝑓𝑓𝑚𝑚𝑔𝑔)  ≥  82 , considered a risk 

increasing rule, designates a cutoff validated by literature. We postulate that the slight differences 

between established cutoffs and cutoffs used by rules in this study may be due to the fact that we 

discretized continuous variables into quantile based bins.  

To evaluate the predictive capability of the pruned rule ensemble, we also applied the 

random forest and gradient boosting models on the discretized ARIC data. As shown in Figure 3, 

our rule-based expert system boasted superior predictive performance based on AUC score. Note 
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that reported metrics for each model were obtained from models with parameters tuned with a grid 

search.   

 

 

Figure 3:10-fold cross validated prediction accuracy of several methods on the training data. 

Furthermore, it is of interest to measure the effectiveness of our expert system at identifying 

labelled diseased patients. We base this evaluation on a confusion matrix created from the patients 

in the validation dataset. As shown in Figure 4, our rule based expert system accurately detects 

65% of diseased patients. But it also performs with a high false positive rate (Type I) of 81.4%.  

 

Figure 4: Confusion matrix from a prediction task on the validation data 
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3.2 Rule-based lifestyle recommendation 

Our expert system specifies lifestyle modifications that minimize patients’ FATCHD risk. 

We use 𝑝𝑝𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑎𝑎𝑑𝑑45, a randomly drawn diseased patient from the validation set, as a case study to 

show the rule-based lifestyle recommendation. Patient45’s original lifestyle before modification 

and his personalized lifestyle modification plan recommended from our expert system are shown 

in Table 4 and Table 5 respectively. 

 The original systolic BP average of this patient is at 129 mmHg, which is at the upper limit 

of clinical guideline and may lead to increasing risk of CVD. By recommending satisfying 𝑑𝑑𝑜𝑜𝑓𝑓𝑑𝑑85 

and 𝑑𝑑𝑜𝑜𝑓𝑓𝑑𝑑45, we suggest that the patient reduces their systolic BP average from the current level to 

between 114 mmHg and 122 mmHg. In addition, our expert system suggests the patient to reduce 

his waist girth from 107cm to between 84 cm and 92 cm, and reduce his BMI from 29.71 kg/m^2 

to between 23.12 kg/m^2 and 25.49 kg/m^2. This is consistent with the clinical guideline that a 

normal weight range is between 18.5 kg/m^2 and 24.9 kg/m^2 (U.S. Department of Agriculture 

2017). The patient’s original dietary consists of 38.58 %kcal total fat intake, which is higher than 

the healthy level, and 9.11 g fiber, which is lower than the clinical guideline (U.S. Department of 

Agriculture 2017). To develop a healthier dietary behavior, we recommend the patient reduce the 

total fat intake to between 27.65 %kcal 31.45 %kcal (rule92), and increase the dietary fiber to above 

22.87 g (rule72). An interesting discovery by our expert system is for the patient to increase their 

alcohol intake (𝑑𝑑𝑜𝑜𝑓𝑓𝑑𝑑112). This is corroborated by literature evidence which advise that a low 

alcohol consumption does not increase ones CVD risk.  
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Table 4: Patient 45's original lifestyle  

# Features Original 
 Directly Changeable  
1 Body mass index  29.73 kg/m^2 
2 Dietary cholesterol  208.29 mg/day 
3 Cigarette smoking status 1 
4 Dietary fiber  9.11 g/day 
5 Ethanol intake  0 grams/week 
6 Total activity hours 6 hours/week 
7 Carbohydrate  42.62 %kcal 
8 Protein  19.68 %kcal 
9 Saturated fat  14.26 %kcal 
10 Total fat  38.58 %kcal 
11 Total calorie intake from dietary and ethanol consumption  1488.4 kcal/day 
 Indirectly Changeable   
12 Waist girth 107 cm 
13 Hip girth  101 cm 
14 Apolipoprotein A 1240 mg/L 
15 Apolipoprotein B 1300 mg/L 
16 Creatinine  1.1 mg/dL 
17 Heart rate 95 
18 HDL cholesterol  0.95 mmol/L 
19 White blood count 9.3 
20 LDL cholesterol 4.62 mmol/L 
21 Lipoprotein(a)  15 UG-ML 
22 Systolic BP average  129 mmHg 
23 Diastolic BP average  58 mmHg 
24 Total cholesterol 6.85 mmol/L 
25 Total triglycerides  2.78 mmol/L 

 

Next, we generate individualized recommendation plans for 24 patients and predict 10-

year risk based on new lifestyles. It can be observed in Figure 5 that extrapolated magnitude of 

patient 10-year FATCHD risks, calculated from the newly recommended lifestyles, are 

significantly lower than the risk scores computed from patients’ original lifestyle. We further 

evaluate the percentage of risk reduction of individual patient under his/her newly recommended 

lifestyle. It is defined as the difference between original risk and new risk under recommended 

lifestyle divided by original risk. The distribution of percentages of risk reduction over 24 patients 
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are shown in Figure 6, which demonstrates that most patients have risk reduction between 83% to 

96%. 

Table 5: Patient 45's new lifestyle represented by rules to support 

Rule Definition β 
rule85 Systolic BP average (mmHg) < 122  -0.19944 
rule47 Hypertension history == 0 and LDL cholesterol (mmol/L) ∉ [3.65, 4.25]  -0.1661 

rule25 Diabetes history == 0 and Hypertension history == 0 and Standing 
height to nearest CM ∉ [170, 177] -0.18791 

rule10 Apolipoprotein B (mg/L) < 1130 and Race == Not black and Systolic BP 
average (mmHg) < 134  -0.03766 

rule5 Waist girth to nearest CM < 107  -0.13526 
rule112 Ethanol intake (g/week) ≥ 66 -0.11547 
rule24 Diabetes history == 0 and Creatinine (mg/dL) ∉ [1, 1.1]  -0.13837 
rule74 Saturated fat (%kcal) < 14.31 and Lipoprotein(a) (UG-ML) ∉ [86, 165]  -0.09092 
rule3 Waist girth to nearest CM < 107  -0.09684 

rule45 White blood count ∈ [5.3, 6.1] and LDL cholesterol (mmol/L) ∉ [3.65, 
4.25] and Systolic BP average (mmHg)  ∉ [105, 114] -0.10771 

rule105 Hip girth to nearest CM ∈ [105, 111]  -0.0836 
rule36 Total triglycerides (mmol/L) ∉ [1.37, 1.83] -0.07223 

rule101 Total calorie intake (kcal/day) ∉ [1363.60, 1650.93]  -0.06708 

rule4 Waist girth to nearest CM < 107 and White blood count ∉ [4.5, 5.3] and 
Asprin medication use within past 2 weeks == 1  -0.07372 

rule61 Blood pressure lowering medication use within past 2 weeks == 0 and 
Body mass index (kg/m^2) ∈ [23.12, 25.49] -0.0595 

rule92 Diastolic BP average (mmHg) < 82 and Waist girth to nearest CM ∉ [84, 
92] and Total fat (%kcal) ∈ [27.65, 31.45]  -0.05413 

rule2 Waist girth to nearest CM ∈ [84, 92] and Systolic BP average (mmHg)  
∉ [105, 114] -0.04973 

rule67 LDL cholesterol (mmol/L) < 4.25  -0.04487 

rule72 Total activity hours per week ∉ [5.75, 6.23] and Dietary fiber (g/day) > 
22.87  -0.04168 

 



23 
 

 
 

Figure 5: Box plot showing patient risks before and after lifestyle modification. 

 
 

 
 

Figure 6: The distribution of percentages of risk reduction on 24 test patients 
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Chapter 4 

Conclusion 

We demonstrate the efficacy of using personalized lifestyle modifications for 

cardiovascular disease risk management. The inclusive rule ensemble identifies probable disease 

outcomes using prognostic rules directly derived from medical, social, and demographic data. We 

used accentuated rules as inputs for a rule-based decision system to quantify underlying disease 

risk, identify 10-year prognosis and recommend lifestyle modifications to preclude disease 

manifestation. The expert system prioritizes risk minimizing lifestyles by solving a network 

assisted binary optimization problem. Evidenced by the case study in Section 3.2, we believe that 

the personalized framework introduced in this study provides a good risk estimation model 

(knowledge base) as well as a naïve inference engine for recommendations. 

The ARIC study was chosen as the reference dataset since it boasts an extensive set of 

recorded patient health metrics in the form of EHR data. To enable realistic risk estimations, we 

select patient variables easily obtainable from routine care and often considered for lifestyle 

recommendations. Fatal CHD events are labeled as binary outcomes (0,1). We use an advanced 

ensemble learning technique to generate an inclusive set of data-driven rules from a simplified form 

of the input EHR data. 

At the time of publishing this work, our data-driven rule-based personalized lifestyle 

recommendation algorithm is the first of its kind for FATCHD risk management. Chi et al., (2012) 

based their research on a similar problem, but focused on using a case library obtained from a lazy 

learner as its knowledge base. Our concerted recommendation framework has several advantages 

over existing lifestyle recommendation models. First, we avoid the knowledge acquisition problem 

faced by traditional expert systems (Shortliffe et al., 1975). Second, it can handle a mix of nominal, 
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ordinal or continuous variables, as well as identify important relationships between these variables, 

in the form of easy-to-interpret conjunctive statements. Future work could include applying this 

framework to different cardiovascular diseases datasets for lifestyle recommendation. 

There exist limitations to our expert system. First, the proposed knowledge base (date-

driven rules) can be further improved to incorporate domain-expert knowledge, since it is derived 

purely on statistical considerations. That is, we fear that some clinically significant rules may be 

missed during rule generation since they did not add extra predictive capability to the already 

defined rule ensemble. Second, the patient preferences towards certain lifestyle modifications have 

not considered at this stage. For example, there is a higher cost associated with moving from BMI 

level 5 to BMI level 1than for moving from BMI level 3 to BMI level 1. Furthermore, resampling 

techniques can be leveraged to improve the outcome class balance, which could in turn improve 

the prediction accuracy of the model. 
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Appendix A 
Rule ensemble ordered by rank  
Rank Rule Definition β Support 

1 rule17 
Cigarette years of smoking < 240 and Diabetes 
history == 0  -0.24733 0.726279 

2 rule85 Systolic BP average (mmHg) < 122  -0.19944 0.583643 
3 rule31 Diabetes history == 1 and Age at visit 1 > 48.5  0.224018 0.068585 

4 rule11 
Apolipoprotein B (mg/L) < 1130 and Age at visit 1 
<= 55.5  -0.20783 0.500619 

5 rule41 Sex == Female and Cigarette smoking status == 0 -0.24613 0.449773 

6 rule47 
Hypertension history == 0 and LDL cholesterol 
(mmol/L) ∉ [3.65, 4.25]  -0.1661 0.594988 

7 rule26 
Diabetes history == 1 and Creatinine (mg/dL) ∉ [1, 
1.1]  0.182309 0.065078 

8 rule42 
Sex == Female and Age at visit 1 <= 62.5 and 
Creatinine (mg/dL) < 1.2  -0.24947 0.487933 

9 rule25 
Diabetes history == 0 and Hypertension history == 0 
and Standing height to nearest CM ∉ [170, 177] -0.18791 0.553837 

10 rule12 
Creatinine (mg/dL) ∉ [0.9, 1] and White blood count 
≥ 7.3 0.127635 0.167389 

11 rule27 
Diabetes history == 1 and White blood count ∉ [5.3, 
6.1] and Systolic BP average (mmHg)  ∉ [105, 114] 0.188788 0.058271 

12 rule88 Systolic BP average (mmHg) < 134  -0.13206 0.79703 

13 rule14 
Creatinine (mg/dL) ∉ [1, 1.1] and Age at visit 1 > 
55.5  0.153737 0.310025 

14 rule52 
Hypertension history == 1 and HDL cholesterol 
(mmol/L) < 1.71 0.106502 0.216378 

15 rule21 
Cigarette smoking status == 1 and Creatinine 
(mg/dL) ∉ [1, 1.1]  0.120262 0.187294 

16 rule68 
LDL cholesterol (mmol/L) ≥ 4.25 and Creatinine 
(mg/dL) ≥ 1.2 0.093568 0.07302 

17 rule5 
Waist girth to nearest CM < 107 and Systolic BP 
average (mmHg)  ∉ [122, 134]  -0.13526 0.636654 

18 rule112 Ethanol intake (g/week) ≥ 66 -0.11547 0.200947 

19 rule24 
Diabetes history == 0 and Creatinine (mg/dL) ∉ [1, 
1.1] and Systolic BP average (mmHg) < 134  -0.13837 0.568482 

20 rule32 
Total triglycerides (mmol/L) ∉ [0.8, 1.05] and 
Creatinine (mg/dL) ∉ [1, 1.1]  0.151811 0.617162 

21 rule22 
Cigarette smoking status == 1 and Blood pressure 
lowering medication use within past 2 weeks == 1  0.115757 0.048783 

22 rule74 
Saturated fat (%kcal) < 14.31 and Lipoprotein(a) 
(UG-ML) ∉ [86, 165]  -0.09092 0.634282 

23 rule71 

Total activity hours per week ∉ [5.75, 6.23] and 
Apolipoprotein A (mg/L) < 1590 and Systolic BP 
average (mmHg) > 134  0.120657 0.126856 

24 rule63 
Hypertension lowering medication use within past 2 
weeks == 0 and White blood count > 7.3 0.137367 0.143667 



32 
 

25 rule102 
Total triglycerides (mmol/L) ∉ [0.8, 1.05] and 
Apolipoprotein B (mg/L) ≥ 1130  0.102289 0.180487 

26 rule43 

White blood count ∉ [4.5, 5.3] and Carbohydrate 
(%kcal) < 56.13 and Asprin medication use within 
past 2 weeks == 0  0.101628 0.351485 

27 rule65 

Hypertension lowering medication use within past 2 
weeks == 1 and Heart rate ∉ [58, 63] and HDL 
cholesterol (mmol/L) ∉ [1.42, 1.71] 0.111652 0.170895 

28 rule37 

Ethanol intake (g/week) ∉ [0, 66]and Total 
triglycerides (mmol/L) < 1.83 and Age at visit 1 > 
55.5  0.121711 0.248659 

29 rule39 Sex == Male and LDL cholesterol (mmol/L) > 4.25  0.09547 0.085602 

30 rule57 
Total triglycerides (mmol/L) ≥ 1.83 and White blood 
count ∉ [5.3, 6.1] and Heart rate ∉ [58, 63]  0.114111 0.137789 

31 rule83 
Systolic BP average (mmHg) ∉ [114, 122] and 
Cigarette smoking status == 1  0.113502 0.206271 

32 rule18 
Cigarette years of smoking  ∉ [240, 600] and Sex == 
Male and Diabetes history == 1  0.134535 0.021968 

33 rule1 
Waist girth to nearest CM ∉ [84, 92] and Systolic BP 
average (mmHg)  ∉ [105, 114] 0.097547 0.644802 

34 rule98 
Total cholesterol (mmol/L) ≥ 6.31 and White blood 
count ≥ 7.3 0.086122 0.041667 

35 rule48 
Hypertension history == 0 and LDL cholesterol 
(mmol/L) ∈ [3.65, 4.25]  0.143744 0.147277 

36 rule82 

Race == Black and Blood pressure lowering 
medication use within past 2 weeks == 1 and 
Education level != Graduate school 0.112423 0.089212 

37 rule64 

Hypertension lowering medication use within past 2 
weeks == 0 and Systolic BP average (mmHg) > 134 
and Heart rate ∉ [68, 75]  0.133463 0.086427 

38 rule62 
Age at visit 1 > 55.5 and Body mass index (kg/m^2) 
< 31.25 0.142357 0.31745 

39 rule3 Waist girth to nearest CM < 107  -0.09684 0.796101 

40 rule8 
Apolipoprotein B (mg/L) ∉ [680, 820] and Dietary 
fiber (g) ≥ 22.87 0.113533 0.159653 

41 rule111 Ethanol intake (g/week) ∉ [0, 66] 0.115891 0.797475 

42 rule49 
Hypertension history == 1 and Creatinine (mg/dL) ≥ 
1.2 0.077696 0.103445 

43 rule45 

White blood count ∈ [5.3, 6.1] and LDL cholesterol 
(mmol/L) ∉ [3.65, 4.25] and Systolic BP average 
(mmHg)  ∉ [105, 114] -0.10771 0.123453 

44 rule9 
Apolipoprotein B (mg/L) ∈ [950, 1130] and 
Cigarette years of smoking ∈ [240, 600] 0.106404 0.044658 

45 rule38 Sex == Male and White blood count ≥ 7.3 0.093189 0.090243 

46 rule99 
Total cholesterol (mmol/L) ≥ 6.31 and Carbohydrate 
(%kcal) < 56.13  0.08851 0.161097 

47 rule28 Diabetes history == 1 and White blood count ≥ 7.3 0.100929 0.024959 
48 rule34 Education level == College  0.083735 0.734117 
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49 rule55 

Hypertension history == 1 and Hypertension 
lowering medication use within past 2 weeks == 1 
and Heart rate ∉ [58, 63]  0.103896 0.181002 

50 rule81 Race == Black and Cigarette smoking status == 1  0.087183 0.076836 

51 rule29 
Diabetes history == 1 and Lipoprotein(a) (UG-ML) 
∈ [86, 165]  0.098875 0.018564 

52 rule6 Apolipoprotein B (mg/L) ∉ [1400, 1590]  0.097653 0.796205 

53 rule13 
Creatinine (mg/dL) ∉ [0.9, 1] and Total cholesterol 
(mmol/L) ∉ [4.65, 5.20]  0.07988 0.662644 

54 rule76 Total fat (%kcal) ∈ [31.45, 34.65]  0.092857 0.199154 

55 rule77 
Total fat (%kcal) ≥ 38.31 and HDL cholesterol 
(mmol/L) < 1.71 0.06586 0.169142 

56 rule114 Lipoprotein(a) (UG-ML) ≥ 165  0.099803 0.200575 

57 rule69 
LDL cholesterol (mmol/L) ≥ 4.25 and White blood 
count ≥ 7.3 0.081929 0.042595 

58 rule80 
Race == Not black and Systolic BP average (mmHg) 
∈ [122, 134]  0.104036 0.148515 

59 rule53 
Hypertension history == 1 and HDL cholesterol 
(mmol/L) ≥ 1.71 -0.08425 0.041357 

60 rule19 
Cigarette smoking status == 0 and Blood pressure 
lowering medication use within past 2 weeks == 1  -0.09293 0.17038 

61 rule54 

Hypertension history == 1 and White blood count ∉ 
[4.5, 5.3] and Systolic BP average (mmHg) ∉ [114, 
122]  0.075349 0.177393 

62 rule105 Hip girth to nearest CM ∈ [105, 111]  -0.0836 0.205773 
63 rule110 Heart rate ∈ [63, 68] 0.082955 0.205959 

64 rule7 

Apolipoprotein B (mg/L) ∉ [1400, 1590] and 
Creatinine (mg/dL) ≥ 1.2 and Apolipoprotein B 
(mg/L) ≥ 1130  0.065603 0.065903 

65 rule93 
Diastolic BP average (mmHg) ≥ 82 and Dietary 
cholesterol (mg) ∉ [144.36, 198.48]  0.067336 0.17368 

66 rule91 
Diastolic BP average (mmHg) < 82 and Waist girth 
to nearest CM ∉ [84, 92] and P_TFAT_1.0 <= 0.5  0.06516 0.508354 

67 rule84 
Systolic BP average (mmHg)  ∉ [122, 134] and 
Waist girth to nearest CM > 107  0.067781 0.149959 

68 rule104 Hip girth to nearest CM ∈ [96, 101]  0.08005 0.218118 

69 rule73 

Total activity hours per week ∈ [5.75, 6.23] and 
Dietary fiber (g) > 22.87 and Systolic BP average 
(mmHg) < 134  0.081958 0.02764 

70 rule36 Total triglycerides (mmol/L) ∉ [1.37, 1.83] -0.07223 0.799917 
71 rule40 Sex == Male and Total cholesterol (mmol/L) < 6.31  0.079255 0.272174 
72 rule116 Protein (%kcal) ∈ [18.69, 21.03]  0.074401 0.200019 
73 rule101 Total calorie intake (kcal/day) ∉ [1363.60, 1650.93]  -0.06708 0.801568 
74 rule103 Waist girth to nearest CM ∈ [92, 98]  0.074392 0.192129 

75 rule4 

Waist girth to nearest CM < 107 and White blood 
count ∉ [4.5, 5.3] and Asprin medication use within 
past 2 weeks == 1  -0.07372 0.276918 

76 rule75 
Saturated fat (%kcal) ≥ 14.31 and HDL cholesterol 
(mmol/L) < 1.71 0.073109 0.164707 



34 
 

77 rule70 
Lipoprotein(a) (UG-ML) ∈ [86, 165] and 
Apolipoprotein A (mg/L) < 1590  0.065504 0.129538 

78 rule87 

Systolic BP average (mmHg) ∈ [122, 134] and Age 
at visit 1 <= 55.5 and Cigarette years of smoking ∈ 
[240, 600] 0.066535 0.018667 

79 rule66 

Hypertension lowering medication use within past 2 
weeks == 1 and Total cholesterol (mmol/L) < 6.31 
and Age at visit 1 <= 55.5  -0.06644 0.103857 

80 rule46 Creatinine (mg/dL) ≥ 1.2 0.060871 0.227826 

81 rule33 
Education level == High school and Diastolic BP 
average (mmHg) < 82 and Age at visit 1 > 55.5  0.06502 0.044967 

82 rule96 

Diastolic BP average (mmHg) ≥ 82 and 
Hypertension lowering medication use within past 2 
weeks == 1 0.054326 0.085809 

83 rule30 

Diabetes history == 1 and Total cholesterol 
(mmol/L) < 6.31 and LDL cholesterol (mmol/L) < 
4.25  0.065019 0.056002 

84 rule23 
Cigarette smoking status == 1 and Systolic BP 
average (mmHg) > 134  0.058186 0.049505 

85 rule107 Dietary cholesterol (mg) ∈ [198.48, 254.61]  0.059797 0.199926 

86 rule61 

Blood pressure lowering medication use within past 
2 weeks == 0 and Body mass index (kg/m^2) ∈ 
[23.12, 25.49] -0.0595 0.167595 

87 rule35 
Education level == College and Apolipoprotein A 
(mg/L) < 1590 and White blood count <= 7.3 0.066468 0.456477 

88 rule90 
Diastolic BP average (mmHg) ∉ [70, 75] and 
Cigarette years of smoking ∈ [240, 600] 0.047281 0.171308 

89 rule15 
Creatinine (mg/dL) ≥ 1.2 and White blood count ≥ 
7.3 0.048114 0.066935 

90 rule92 

Diastolic BP average (mmHg) < 82 and Waist girth 
to nearest CM ∉ [84, 92] and TOTAL FAT 
(%KCAL) ∈ [27.65, 31.45]  -0.05413 0.121906 

91 rule2 
Waist girth to nearest CM ∈ [84, 92] and Systolic BP 
average (mmHg)  ∉ [105, 114] -0.04973 0.153878 

92 rule89 
Age at visit 1 > 57.5 and Blood pressure lowering 
medication use within past 2 weeks == 1  0.039627 0.088181 

93 rule79 Total cholesterol (mmol/L) ∈ [5.20, 5.66]  0.049057 0.193521 

94 rule20 
Cigarette smoking status == 1 and Waist girth to 
nearest CM ≥ 107  0.047556 0.040945 

95 rule100 
Total cholesterol (mmol/L) ≥ 6.31 and Carbohydrate 
(%kcal) ≥ 56.13 -0.04675 0.039088 

96 rule67 LDL cholesterol (mmol/L) < 4.25  -0.04487 0.258251 

97 rule97 
Total cholesterol (mmol/L) ≥ 6.31 and White blood 
count <= 7.3 -0.04436 0.158519 

98 rule72 

Total activity hours per week ∉ [5.75, 6.23] and 
Dietary fiber (g) > 22.87 and Systolic BP average 
(mmHg) < 134  -0.04168 0.129125 

99 rule115 Total activity hours per week ∈ [5.75, 6.23]  -0.04455 0.20104 
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100 rule94 
Diastolic BP average (mmHg) ≥ 82 and White blood 
count > 7.3 0.044009 0.036097 

101 rule58 
Hypertension history == 1 and Systolic BP average 
(mmHg) > 134  0.033982 0.113758 

102 rule108 Dietary fiber (g) ∈ [13.91, 17.68] 0.039062 0.200204 

103 rule16 
Dietary cholesterol (mg) ∈ [144.36, 198.48] and 
Diastolic BP average (mmHg) ≥ 82  -0.04032 0.035788 

104 rule106 Apolipoprotein A (mg/L) ∈ [1250, 1400]  -0.03718 0.202153 

105 rule10 
Apolipoprotein B (mg/L) < 1130 and Race == Not 
black and Systolic BP average (mmHg) < 134  -0.03766 0.501547 

106 rule44 
White blood count ∈ [4.5, 5.3] and Total 
triglycerides (mmol/L) < 1.83   -0.03492 0.027021 

107 rule51 
Hypertension history == 1 and Cigarette years of 
smoking ∈ [240, 600] 0.033391 0.051671 

108 rule78 
Total fat (%kcal) > 38.31 and Systolic BP average 
(mmHg) > 134  0.031669 0.037851 

109 rule113 HDL cholesterol (mmol/L) ∈ [1.22, 1.42]  -0.03093 0.196027 

110 rule86 

Systolic BP average (mmHg)  ∉ [122, 134] and Age 
at visit 1 <= 55.5 and Cigarette years of smoking ∈ 
[240, 600] -0.02937 0.086118 

111 rule56 

Hypertension history == 1 and LDL cholesterol 
(mmol/L) ∉ [2.67, 3.20] and Systolic BP average 
(mmHg) > 134  0.028072 0.09375 

112 rule95 

Diastolic BP average (mmHg) ≥ 82 and 
Hypertension lowering medication use within past 2 
weeks == 0 -0.02731 0.123659 

113 rule109 Dietary fiber (g) ≥ 22.87 -0.02446 0.200297 

114 rule60 
Blood pressure lowering medication use within past 
2 weeks == 0  -0.01791 0.613243 

115 rule59 
Age at visit 1 <= 57.5 and Blood pressure lowering 
medication use within past 2 weeks == 1  -0.0168 0.130982 

116 rule50 Cigarette years of smoking  ∉ [240, 600]  -0.00567 0.206064 
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Appendix B  
Random Forest 10 fold CV ROC  
 

 
 
 
Gradient Boosting 10 fold CV ROC 
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RuleFit Boosting 10 fold CV ROC  
 

 


