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Abstract: Approximately 75% of adults over the age of 65 years are affected by two or more chronic medical conditions. 
We provide a conceptual justification for individualized absolute risk calculators for competing patient-centered outcomes 
(PCO) (i.e. outcomes deemed important by patients) and patient reported outcomes (PRO) (i.e. outcomes patients report 
instead of physiologic test results). The absolute risk of an outcome is the probability that a person receiving a given 
treatment will experience that outcome within a pre-defined interval of time, during which they are simultaneously at risk 
for other competing outcomes. This allows for determination of the likelihood of a given outcome with and without a 
treatment. We posit that there are heterogeneity of treatment effects among patients with multiple chronic conditions 
(MCC) largely depends on those coexisting conditions.  

We outline the development of an individualized absolute risk calculator for competing outcomes using propensity score 
methods that strengthen causal inference for specific treatments. Innovations include the key concept that any given 
outcome may or may not concur with any other outcome and that these competing outcomes do not necessarily 
preclude other outcomes. Patient characteristics and MCC will be the primary explanatory factors used in estimating the 
heterogeneity of treatment effects on PCO and PRO. This innovative method may have wide-spread application for 
determining individualized absolute risk calculations for competing outcomes. Knowing the probabilities of outcomes in 
absolute terms may help the burgeoning population of patients with MCC who face complex treatment decisions.  

Keywords: Multiple chronic disease, heterogeneity, propensity scores, longitudinal study, absolute risk, competing 

outcomes, decision tools. 

INTRODUCTION 

A growing proportion of the US population has 

multiple chronic conditions (MCC) [1]. Approximately 

75% of adults over the age of 65 years are affected by 

two or more chronic medical conditions [2]. As the 

prevalence of older adults with chronic conditions 

increases, so do health care utilization, treatment 

burden, and the frequency of adverse drug events. 

Considering its sizeable impact on the US population, 

the Department of Health and Human Services 

published “Multiple Chronic Conditions: A Strategic 

Framework”
 
and outlined strategies for addressing the 

health needs of affected patients [1]. National surveys 

have identified prevalent combinations of chronic 

conditions among persons who are hospitalized or visit 

ambulatory care settings [3].
 

Methods for readily 

identifying chronic disease clusters and developing 

coordinated care management strategies are among 

the goals outlined in the framework. The individualized 

absolute risk (AR) calculator for competing patient- 

centered outcomes (PCO) and patient reported 

 

 

*Address correspondence to this author at the Yale Program on Aging, 300 
George St, Suite 775, New Haven, CT 06511, USA;  
E-mail: heather.allore@yale.edu 

outcomes (PRO) described here specifically addresses 

the heterogeneity of treatment effects (HTE) among 

individuals with different profiles of comorbidity. The AR 

of an outcome refers to the probability that a person 

receiving a given treatment will experience that 

outcome within a pre-defined interval of time, during 

which they are simultaneously at risk for other 

outcomes of interest, i.e., competing outcomes. AR has 

been found to be widely applicable across health 

conditions, datasets and outcomes and much more 

interpretable by patients and healthcare providers than 

traditional measures of relative risk, such as odds 

ratios and hazard ratios. 

Multiple Chronic Conditions: A Primary Source of 
Heterogeneity of Treatment Effects  

It is helpful to place the role of HTE within the 

broader issue of MCC. Multiple chronic conditions 

increase health care utilization, impose burdens on 

both the individual and the health care system, and 

compromise adherence to medications and other 

therapeutic regimens [4-9].
 

For these reasons, the 

identification of models of health care that improve 

outcomes of persons with multiple diseases is a vital 

area of medical research [10-13].
 
Further attesting to 
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the relevance of HTE induced by MCC, it has been 

reported that MCC affect the
 

prognoses of heart 

disease, diabetes, and cancer [13, 14].
 

Compelling 

research documents the adverse effect of MCC on 

three of the most important PCO/PRO, namely, 

survival, functional ability and quality of life [15-21].
 

Certain combinations of conditions occur at higher 

rates than others and some of these exhibit supra-

additive effects on health outcomes [22-29].
 
There is a 

critical need for the development of methods that 

enable the increasing number of older patients with 

MCC [30], with the advisement of their medical 

providers, to navigate complex treatment decisions.  

Clinical Relevance 

To date the goal of health care, namely “the 

maximization of benefit and minimization of harm,” has 

largely focused on single diseases. However, it is not 

uncommon for older persons to have between 5 and 10 

medications for a comparable number of indicated 

conditions. No one has yet undertaken an in depth 

examination of how the treatment of these multiple 

conditions affects PCO and PROs, such as disability 

and self-reported health. Shared clinical decision-

making must eventually be predicated on the explicit 

goal of maximizing benefit and minimizing harm to 

overall health, rather than disease specific outcomes. 

The potential harms inherent in disease-specific 

treatments in patients with multiple diseases have been 

previously documented [7, 8, 31-33].
 
Clinicians, policy 

makers, and investigators have called for innovative 

and feasible methods for enhancing shared clinical 

decision-making with patients having multiple diseases 

[34-37].
 
We posit that a quantitative understanding how 

patient characteristics and MCC contribute to HTE is 

particularly important because unexamined treatment 

tradeoffs hold unknown potential for harm. It is likely 

that unintentional adverse effects are at once 

widespread and frequently not documented. 

Determining how specific treatments for a primary 

disease are influenced by patient characteristics and 

co-existing diseases will heighten awareness of this 

issue. Increased awareness can potentially lead to 

constructive changes in clinical practice, including 

development of treatment plans that account for the 

HTE induced by MCC.  

Decision Aids 

Section 3506 of The Affordable Care Act 

encourages shared decision making in health care 

between patients and their providers using decision 

aids to better align care with patient preferences. 

These decision aids are intended to be evidence-based 

and inform patients of the risks and benefits of tests 

and treatments, as well as their relative effectiveness. 
Individualized AR tools addresses this call, as well as 

the Institute of Medicine’s 2001 report on Crossing the 

Quality Chasm by addressing 3 of the top 10 rules to 

redesign care [34]. Specifically, we address the 

following: 1) care is customized according to patient 

needs and values; 2) the patient is the source of 

control; and 3) decision-making is evidence-based. 

MATERIALS AND METHODS 

Individualized Absolute Risk for Competing 
Outcomes 

We propose an innovative methodology to calculate 

individualized AR for competing outcomes that 

acknowledges patients’ health outcome preferences. 

The proposed methodology includes several 

conceptual innovations. First, we are dealing with 

outcomes whose does not preclude the patient being at 

risk for other outcomes. This differs from the typical 

statistical assumption that the competing outcome 

(e.g., death) precludes the possibility of the patient 

experiencing another outcome. The proposed 

technique involves the development of separate logistic 

regression models that estimate individual probabilities 

for each outcome. The AR method then estimates the 

probability of one outcome occurring before the other. 

For example, going to the hospital does not preclude 

disability or loss of mobility and these events can occur 

in many different orderings [38-40].  

Lower Bias and Variance of Estimated Treatment 
Effects with Propensity Score Matching 

Randomized controlled trials (RCT) are powered to 

examine treatment effect on a primary endpoint, but 

often exclude those with MCC. Even with more 

inclusive RCTs, the number of possible treatments and 

condition combinations make it prohibitive to address 

all treatment questions. Real time treatment studies 

using registries are beginning to be used and our 

proposed methods would enhance their application. 

For these reasons detailed calculations of 

individualized AR for persons with MCC are often best 

performed from analyses of observational data that 

may have multiple PCO and or PRO. Because 

observational studies typically have unbalanced patient 

characteristics with respect to treatment including 

MCC, we purpose propensity score (PS) matching to 
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construct a reference group (those not taking a specific 

treatment) that is well-balanced with the treatment 

group regarding important covariates. We incorporate 

recent simulation-based findings regarding optimal 

selection of the variables included in the PS models 

[41].
 

These practices are intended not simply to 

balance the covariates, but to also minimize the bias 

and variance of the estimated treatment effects, the 

primary motivation for employing PS. 

Propensity score matching, first introduced by 

Rosenbaum and Rubin in 1983, has been used and 

validated in hundreds of clinical and epidemiological 

studies over the last 30 years [42]. We use a SAS 

software macro that was first introduced in 2005 that 

has been externally reviewed and used in a large 

number of studies to conduct the analyses [43].  

Competing Outcomes 

Using competing PCO and PROs, we will produce 

an array of AR calculations that account for a wide 

range of personal characteristics and comorbid 

conditions among persons receiving a given treatment 

for their medical condition. This implies that when a 

multi-provider-patient team considers the effect of 

specific treatments they must take into account the 

multiple outcomes important to the patient. While we 

will illustrate our method with pairs of competing 

outcomes, the AR approach is not inherently limited to 

just pairs of outcomes. Thus, this demonstration shows 

how an AR calculator can be used to calculate the 

probabilities of occurrence of multiple outcomes within 

the same one year timeframe. A one year follow-up 

interval for outcomes is reasonable for patients with 

MCC, particularly those who experience episodic 

exacerbations, as they are simultaneously at risk of 

separate-causes of hospitalization or disability. These 

severely ill patients are also likely to have their 

treatment plans changed over the course of a year, as 

their primary or comorbid diseases progress. A one 

year interval, therefore, represents a practical sampling 

of the natural course of MCC on patient centered 

outcomes, and has been chosen for demonstrating our 

proposed methodology.  

Applying Propensity Scoring Methods to a 
Confirmatory Study of Heterogeneity of Treatment 
Effects to Calculate Absolute Risks of Competing 
Outcomes  

As patients with chronic obstructive pulmonary 

disease (COPD) nearly always have MCC, and 

because COPD has several recommended treatments, 

COPD is an excellent example for illustrating the 

advantages of the AR approach. Our method will 

combine PS methods and a confirmatory study of HTE 

to calculate ARs (probabilities) of competing outcomes 

(i.e., whichever occurs first) within a year's time to 

illustrate the effect of a specific treatment for COPD. As 

we expect the HTE to be driven largely by patient 

characteristics and multi-morbid conditions, inclusion of 

these factors will enable more precise calculation of the 

probabilities of the competing outcomes. For COPD 

patients for whom treatment is being decided, we will 

provide probabilities of pairs of competing outcomes 

conditional on receipt of each specific treatment. The 

heterogeneity of these probabilities, as determined by 

the collection of subgroups with specific characteristics 

being modeled, will be chosen from frequently 

occurring combinations of chronic conditions among 

the patient sample [44].
 
We will do so by developing an 

analytic methodology that provides subgroup specific 

information based on patient-specific characteristics.  

Data Used To Illustrate the Individualized Absolute 
Risk Methodology 

We reviewed several cohort studies of older adults 

for use in the development of methodologies. We 

selected the Medical Expenditures Panel Survey 

(MEPS) for the 2008 to 2012 panels to demonstrate the 

study methods. MEPS is a panel study of a nationally 

representative sample of the U.S. civilian non-

institutionalized population [45]. Participants are 

chosen to represent the country as a whole and include 

individuals and families from a wide variety of ages, 

incomes, geographic settings, and racial/ethnic 

backgrounds (Table 1). MEPS is therefore 

representative of racial and ethnic minorities, 

individuals with disabilities, and individuals with multiple 

chronic diseases (Table 2). A panel is a sample of 

households selected to participate in the study over a 

period of time. Each year a new panel or sample of 

households throughout the country is introduced into 

the study. The new sample is made up of households 

that participated in the National Health Interview 

Survey, conducted by the National Center for Health 

Statistics, the previous year [46].
 

Information is 

collected about each household member’s health and 

health care utilization over a two-year period beginning 

on January 1 of the year the household enters the 

study and ending December 31 the following year. Five 

rounds of interviews are conducted to provide annual 

data for two calendar years.  
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Table 1: MEPS 2008-2012: N=2,587 Participants Aged 40 
and over with Chronic Bronchitis, Emphysema 
or COPD 2009 Panel Data Only 

Demographic: (%) 

Age med., Range 63.0 40-85 

Female 348 (61.5) 

White 433 (76.5) 

Black 109 (19.3) 

Hispanic 60 (10.6) 

<High school 190 (33.6) 

High school/vocational 182 (32.2) 

> Some college 190 (33.6) 

Income < $15,000 145 (25.6) 

$15,001-35,000 182 (32.2) 

$35,000 239 (42.2) 

Below/Near Poverty Line 172 (30.4) 

Married 280 (49.5) 

Widowed 106 (18.7) 

Never/divorced/separated 171 (30.2) 

 

Table 2: Chronic Conditions and Medications 2009 
Panel Data Only 

Co-existing Chronic Conditions (%) 

Cardiovascular: 

Hypertension 401 (70.9) 

Coronary Heart Disease 136 (24.0) 

Angina 71 (12.5) 

Myocardial Infarction 98 (17.3) 

Dysrhthmias 24 (4.2) 

Heart Failure 27 (4.8) 

Other 170 (30.0) 

Diabetes 137 (24.2) 

Visual Impairment 106 (18.7) 

Cognitive Impairment 99 (17.5) 

Stroke 91 (16.1) 

Depressive Symptoms 84 (14.8) 

Bone and Cartilage Disorders 35 (6.2) 

Anemia 20 (3.5) 

Lung Cancer 14 (2.5) 

Medications: 

Beta-Agonist-Inhaled 202 (35.7) 

Inhaled Anticholinergic 81 (14.3) 

Steroids-Inhaled 133 (23.5) 

Steroids-Oral 74 (13.1) 

Smoking Cessation 21 (12.9) 

 

Balancing Patient Characteristics to Reduce 

Bias  

As we are using an observational study, we will 

verify the balance in patient characteristics and MCC 

between those receiving a specific COPD treatment 

and those defining the reference group (persons with 

COPD that are not receiving that treatment). We 

calculate PS for COPD treatment for all participants 

and use a matching algorithm, in concert with 

appropriate calipers, to match one to two reference 

patients to each patient receiving a specific treatment 

for COPD [47]. PS allow for the assessment of whether
 

the characteristics of those receiving a specific COPD 

treatment overlap enough with those not being treated, 

thereby yielding an unbiased estimate of the treatment 

effect from the data. By combining PS with longitudinal 

individualized AR calculation, the association of 

treatment will be estimated in a way that more closely 

approximates causal inference. Through the 

development of this methodology and its protocol, 

future researchers will be able to apply individualized 

AR calculators to a broad array of treatment decisions.  

Greater Interpretability of Absolute Risk 

One of the reasons the proposed method of 

integrating PS into the creation of individualized AR for 

competing outcomes methods is needed is because 

results in the medical literature are typically presented 

in relative terms, such as odds ratios, risk ratios or 

hazard ratios, which are not easily interpreted by 

patients or their physicians. The longitudinal 

individualized AR for competing outcomes is the gross 

probability of an outcome within a specific period of 

time in the context of a competing outcome. It is 

increasingly common in the medical literature for 

measures of relative risk to be partnered with a 

presentation of AR to bring clearer meaning and 

interpretation of research results.  

Methodologies recommended by experts in 

medication-related research include precise definition 

of medications used, establishment of temporal 

precedence, proper evaluation of clinical indication and 

contraindication bias, and adjustment for confounding 

or for the propensity to receive the medication of 

interest [48-52].
 
Similarly, there are several prerequisite 

elements to justify causality in chronic disease, such as 

strength (graded association between cumulative
 
dose 

or duration of use and outcome), biological gradient, 

consistency, biological plausibility
 
(coherence), and the 

establishment of temporal precedence. Quantifying the 
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ARs of competing clinical outcomes and PCO and 

PROs, for persons receiving medication for a primary 

condition in the presence of multiple diseases and 

including patient characteristics, is one of the most 

pressing areas in patient-centered decision-making. 

With careful attention to design and analytical issues, 

we are developing methodology that has potentially 

wide-spread use.  

The challenges of assessing treatment effects in 

observational studies have been well chronicled [42, 

53-56].
 

Treatments are non-random factors often 

intricately linked to the diseases and their severity and 

to other predisposing or prognostic factors. 

Furthermore, within a medication class, different agents 

may have different effects. Our study initially will 

consider the following common treatments for the 

primary condition of COPD: beta agonists, inhaled 

anticholinergics, and steroids. Our methods for 

calculating AR have the additional advantage of 

allowing adjustment for competing outcomes [57].  

Illustration of Absolute Risk Methods with Chronic 
Obstructive Pulmonary Disease (COPD) 

We emphasize that AR, when appropriately 

calculated, is a very sophisticated statistical measure 

[57].
 
It is not a simple probability of occurrence taken 

from contingency tables. Rather, it is a well-developed 

approach that calculates the gross probability of an 

event within a specific interval of time in the context of 

competing outcomes. For the purposes of the AR 

calculations proposed here, our definition of competing 

outcomes is that of two outcomes for which a patient is 

simultaneously at risk, where the patient is interested in 

knowing the probability of each occurring first given 

concurrent risk for the second. A methodologically 

correct AR, therefore, requires longitudinal modeling of 

both primary and competing outcomes. Only a 

sophisticated, model-based form of this methodology 

allows for adjustment of both fixed and time-varying 

patient characteristics when estimating these risks.  

For a person receiving a specific treatment for 

COPD relative to those not receiving the treatment, the 

AR is calculated for “outcome 1” occurring before the 

competing “outcomes 2”. Conversely, the AR for 

“outcome 2” occurring before the competing “outcomes 

1” is calculated (Figure 1 circle 5). We expect the AR 

values to be strongly conditional on patient 

characteristics and the specific MCC of those receiving 

the treatment. The method will be illustrated by 

characterizing the effects of common treatments for 

COPD medications and will demonstrate how much the 

efficacy of these treatments, as measured by their 

 

Figure 1: Simulated COPD outcomes AR calculator. Key: (1) Patient characteristics are entered; (2) Comobid conditions are 
selected; (3) Treatments are selected; (4) Competing outcomes are selected; (5) Absolute Risk estimates for competing 
outcomes are displayed, for each selected treatment. 



Individualized Absolute Risk Calculations for Persons International Journal of Statistics in Medical Research, 2016, Vol. 5, No. 1      53 

effect on AR, is modified by the presence of specific 

chronic conditions.  

Demonstration of Individualized Absolute Risk 
Calculator 

Future individualized AR Calculators will be web-

based. A mock screen shot combining the input and 

output screens of a hypothetical AR Calculator for our 

illustrative COPD example is shown in the Figure 1. 

First, the patient’s MCC and characteristics are 

entered; for this example we display a 67 year old, non-

white woman with a high school education, low income, 

with hypertension, diabetes, anemia, depressive 

symptoms and visual impairments (Figure 1 circles 1 & 

2). Possible treatments are selected; for this example 

inhaled steroids and smoking cessation (circle 3). Then 

the patient’s outcome priorities over the next year are 

selected from the list; for this example having 

disabilities in activities of daily living (ADL), worsening 

perceived health, and hospitalization (circle 4). Next, 

the calculator would graphically display the 

individualized AR for that patient for their priorities 

(circle 5). 

DISCUSSION 

Our proposed methodology will fill critical gaps in 

the estimation of treatment effect for persons with MCC 

and address several methodologic challenges 

including: HTE, causal modeling, interpretable 

estimates (e.g. AR) for patients and healthcare 

providers, and a shared decision-making approach for 

PCO and PRO that are competing outcomes over a 

planning horizon. We develop this methodology so that 

it can be applied widely for treatments of different index 

conditions, although it will be illustrated with a 

nationally-representative cohort of U.S. adults with 

COPD which often co-occurs with other chronic 

conditions.  

Future decision tools for MCC reflecting the 

outcome priorities of these complex patients may better 

address their quality of life and reduce their burden of 

medications. We present our methodology 

development in the context of competing dichotomous 

outcomes that do not necessarily preclude one 

another. A limitation of the proposed approach is that 

non-dichotomous outcomes, such as count of 

disabilities, days in skilled nursing facilities, or cost of 

care, do not fit this context and additional methodology 

will be needed to address them. Additional limitations 

include that longitudinal weights for complex sampling 

designs are not incorporated and it does not apply to 

recurrent events. Future modelling approaches should 

consider modifications for these, as well as allowing for 

a choice of causal modeling technique, and hierarchical 

models to capture healthcare system factors or other 

clustering. Methodological development of ways to 

rigorously account for MCC is just beginning and the 

aforementioned limitations and modifications will be 

resolved by researchers committed to address this 

growing public health need.  

SUMMARY 

We are proposing a simple method of calculating 

the absolute risk of important patient centered 

outcomes among persons suffering from COPD. The 

methodology we are presenting depends on the use of 

observational data which is typically much more 

comprehensive and representative of a broader 

population than RCTs. We will account for the 

imbalance of covariates with propensity score matching 

which moves us closer to causal inference. Because 

we are covering outcomes that do not preclude one 

another, the proposed methodology will be very helpful 

to persons with MCC who face complex treatment 

decisions. Because quality of life is of such high priority 

to such patients, and because it is highly personal, this 

methodology may serve as an aid in helping patients 

decide on treatments based on the gross probabilities 

of differing outcomes and their personal set of values. 

Although it has been proposed that the development of 

methods for facilitating the treatment of those with 

MCC has been presented as a national priority, the 

method proposed here is one of the first to answer that 

call. 
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