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Abstract

Background—Interest in comparative effectiveness research and the rising number of negative 

or “small effect” trials have stimulated research into differential response to treatment among 

subgroups of patients.

Objective—To develop and test the Potential for Benefit Scale (PBS), a composite measure to 

identify subgroups of patients with differential potential for response to treatment, using diabetes 

as a model.

Design—Cross-sectional and longitudinal cohort study.

Subjects and Setting—Type 2 diabetes patients (n = 1361) were identified from 7 outpatient 

clinics serving a diverse population. Of these, 611 completed a 1-year follow-up.

Measures—To represent patients’ health status, we used the Total Illness Burden Index, the 

Physical Function Index of the SF-36, the Center for Epidemiologic Studies Depression Scale, and 

the Diabetes Burden Scale. To represent personality characteristics related to health, we used the 

Provider-Dependent Health Care Orientation scale. We assessed the contribution of these measures 

to a composite scale of patients’ potential for treatment response in terms of self-reported 

medication adherence and glycemic control.

Results—Principal components analysis confirmed associations among these measures. The 

internal consistency reliability of the PBS was adequate (Cronbach α = 0.65). Patients in the 

lowest versus highest quartile of the PBS reported poorer adherence (18% vs. 55%, P < 0.001) and 

poorer glycemic control at baseline (mean hemoglobin A1c values: 7.75 vs. 7.39, P < 0.001). 

Those in the highest quartile of the PBS also were more likely to reach target values for glycemic 

control (HbA1c <7%) at 1-year follow-up, (adjusted OR = 1.61, P < 0.05).

Conclusions—The PBS, a composite scale, may be helpful in identifying patients with 

differential potential for response to treatment.
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■ If it were not for the great variability among individuals, medicine might as well 

be a science and not an art.

—Sir William Osler, The Principles and Practice of Medicine 1892.

Called “heterogeneity of treatment effects,” the recognition that patients vary in response to 

treatment is not a new concept, as illustrated by the quote from Sir William Osler from 1892. 

However, the recent re-emergence of this concept in the clinical and statistical literature is a 

reflection of its sustained importance for clinical practice, clinical guidelines, and most 

importantly, for the design and conduct of clinical trials.1–6 The need to understand and 

respond to patient variation in treatment response has been fueled by the convergence of 2 

phenomena: (1) the rise in the proportion of negative or small effect trials, as entry criteria 

were broadened to enhance generalizability of results7–12; and (2) the importance in 

understanding the differential effects of treatment for specific subgroups of patients for 

comparative effectiveness research and potential health reform initiatives.7,13–19

Heterogeneity of treatment effects has a number of potential sources, including: variation 

due to methodologic issues (quality and rigor of design and conduct of clinical research); 

variations due to clinical settings in which studies were conducted; and variations due to 

individual patient characteristics.2–4 The latter can include variation in: initial severity of 

disease (risk of a poor outcome independent of treatment)4–6,20; responsiveness to treatment 

(for physiologic, behavioral or genetic reasons); vulnerability to side effects or adverse 

events; adherence; patient preferences and risk perceptions; and competing risk, or the 

presence of multiple comorbid conditions and their treatments.1,21–24 For practicing 

physicians attempting to tailor treatment to maximize benefit and minimize risk for 

individual patients and for those developing new approaches to the design and conduct of 

clinical trials or other clinical research designs, new approaches to the quantification of risk/

benefit potential are needed to identify the subgroups of patients for whom treatment would 

be most effective. Methods and measures that could be used prior to or early in the conduct 

of clinical studies, in the case of research applications,13 and prior to the delivery of a 

treatment, for practicing clinicians, could improve the efficiency and effectiveness of clinical 

research and clinical practice.

Although, in the design and posthoc adjustment of studies, individual measures have been 

used as stratifying variables to identify important subgroups of patients who might 

differentially benefit from treatment, the use of multiple measures for these purposes could 

improve the classification of such subgroups. Creation of a composite of such measures 

could improve precision and efficiency of the design and analysis of clinical studies, and 

provide valuable information to practicing clinicians on the potential for benefit from 

treatment for selected subgroups of patients.

This article describes the development of a new composite measure of the potential of 

individuals to respond to treatment. Using data from multiple clinics in a cross-sectional and 

longitudinal cohort study among a diverse population of patients with diabetes, we present 

evidence for the creation of such a composite measure, the Potential for Benefit Scale (PBS), 

based on existing patient-reported measures of the severity of multiple comorbid conditions, 

disease-specific perceived burden, general health status, depression, and passive orientation. 
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We present evidence for the reliability and construct validity of this composite measure, 

along with its relationship to adherence to treatment at baseline and to glycemic control at 

baseline and at 1-year follow-up.

METHODS

Setting and Study Sample

Data were collected at seven clinics affiliated with an academic medical center in Southern 

California. The clinics serve patients from diverse racial and ethnic groups. Patients with at 

least one visit for type 2 diabetes within the 12 months prior to study onset were identified 

from a Diabetes Registry maintained by the medical center. This registry included all adult 

patients seen by a family medicine, internal medicine, or endocrinology physicians within 

the study period (n = 3894). Patients were excluded if they had been hospitalized for 

ketoacidosis in the year prior to the study period, were age ≥80, had dementia or other 

serious mental health problems, or could not speak English, Spanish, or Vietnamese. Patients 

were sampled to reflect their ethnic/racial distribution in the Registry. Of the 1791 eligible 

patients approached, 75% (n = 1361) consented to complete the baseline study survey and 

agreed to allow access to their medical record information, laboratory and administrative 

data.

The racial/ethnic characteristics of the final cross-sectional study sample reflected the 

sampling parameters: Vietnamese (19.0%), Hispanic (54.5%), Non-Hispanic white (26.5%) 

(Table 1). This cross-sectional sample had a mean age of 59.0 (SD, 11.6), mean years of 

education of 9.6 (SD, 5.1); 40% were male and the median annual household income was 

$23,800. Of the patients in the cross-sectional sample, 611 (44.9%) participated in a 1-year 

longitudinal cohort study. Characteristics for the longitudinal cohort sample were 

comparable to those in the cross-sectional sample.

Design

The study was a cross-sectional observational study, with a longitudinal cohort followed for 

1-year.

Data Collection

Data were derived from patient surveys, medical record abstraction, and laboratory and 

administrative databases maintained by the medical center. The survey questions require, on 

average, 20 minutes to complete.

Conceptual Framework

The framework underpinning the development of the composite measure of potential for 

treatment response integrates elements derived from a number of theoretical approaches to 

health behavior and illness management. These approaches include the Common Sense 

Model of illness,25 the “ecological approach” to disease management,26 the biopsychosocial 

model of health and illness,27 and models linking socioeconomic position, cultural 

influences, and personal influences to health outcomes.28–31 The framework we postulate 

(Fig. 1), asserts that “immutable” characteristics of patients (eg, demographic characteristics, 
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genetic profiles), along with more mutable and variable characteristics that collectively 

constitute a “health profile” (eg, comorbidity, perceived disease burden, mental/physical 

function, biomarkers of disease, etc), a “personality profile” (eg, passive orientation to 

healthcare, organizational skills, a “behavioral profile” (eg, disease management skills, 

positive or negative health habits, coping skills, etc), a “medical or treatment context” (eg, 

doctor-patient relationships, continuity of care, access to care, etc), and a “life context” (eg, 

stressful life events, social support) will contribute to the specification of subgroups with 

greater and lesser potential for the expected response to treatment. Measures within each of 

the constructs have previously been linked with outcomes of treatment and may, therefore, 

have a direct relationship with the expected treatment response from a specific intervention. 

For example, prostate cancer patients with high levels of comorbid disease have been shown 

to benefit less from treatment than those with lower levels of comorbidity.22

Individual patients have different profiles of characteristics within this set of constructs, 

which may alter the expected response to treatment. Creation of a composite measure of 

these constructs would summarize the collective effect of variations in these individual 

characteristics to provide a single “potential for benefit” score to assess the likely 

appropriateness of any additional treatment. By refining the categorization of patients into a 

priori subgroups, such a composite measure could be useful in the future design of clinical 

studies and, eventually, in guiding ‘tailored treatment’ decisions in clinical settings.

Study Measures

Our dataset included survey-based measures representing three of these constructs, 

immutable patient characteristics, health profile and personality profile. We did not include 

measures of behavioral profile, medical/treatment context and life context in this version of 

the PBS. The following section describes candidate measures for each of the represented 

constructs.

Health Profile Measures

In considering overall potential for benefit from treatment, probably the most clinically 

credible and conceptually plausible construct is patient’s health status at baseline.1,5 Since 

health is a complex, multidimensional construct, we chose to represent patient’s “health 

profile” with both global and disease-specific health status in the creation of the composite 

PBS.

Comorbidity was measured using the Total Illness Burden Index (TIBI),1,22–24 a 63-item 

summary measure of the presence and severity of the patient’s diseases and symptoms that 

has been previously modified to reflect different index conditions.1,23 The TIBI has been 

demonstrated to predict new cardiovascular events and all-cause mortality in a recently 

published five-year follow-up study among type 2 diabetic patients.1 Concurrent validity of 

the TIBI has been previously demonstrated using the SF-36.22,24 Those with more severe 

total comorbidity had poorer health-related quality of life.

To measure physical function, we used the 10-item physical function scale (PFI-10) of the 

Short Form 36.32 To represent mental health, specifically depressive symptomatology, we 

used a modified version of the Center for Epidemiologic Studies Depression Scale (CES-
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D).33 The latter was shortened to 11 items to reduce respondent burden, with scale scores 

ranging from 0 to 3. To evaluate the disease-specific burden of diabetes, we used the 8-item 

Diabetes Burden Scale from the Type 2 Diabetes Patient Outcomes Research Team.34,35

Personality Profile Measures

Although numerous personality characteristics have been linked with health outcomes36–40 

and treatment response,41–43 we chose to represent at least one of the dimensions of this 

multidimensional construct using a measure of a passive orientation to health and health 

care, the Provider Dependent Health Care Orientation (PDHCO).44 Based on the mastery 

model of health and illness,45–49 the 13-item PDHCO scale measures a dependent or passive 

approach to healthcare and disease management, and has been linked with poor transitions 

in physical functioning over time.44

“Immutable” Patient Characteristics

We used age, gender, education, and race/ethnicity to represent patient demographic 

characteristics.

Dependent Variables

To represent treatment response, in this case for diabetes, we assessed the level of patients’ 

glycemic control using glycated hemoglobin (HbA1c) based on laboratory data measured at 

baseline, and 12 months after completing the patient questionnaire.

In addition, we measured adherence to treatment, using a 13-item measure of patient 

adherence to provider recommendations for medication regimens in the face of specific 

barriers.50,51

Statistical Analysis

All data were analyzed using SPSS release 17.0.0.52 All derived multi-item measures were 

tested for reliability using Cronbach alpha. Univariate and distributional analyses included 

measures of central tendency, kurtosis, and skew. The standard error of measurement was 

computed for each multi-item derived variable. Associations among independent variables 

were computed used Pearson product-moment correlation coefficients. Construct validity for 

derived multi-item scales was assessed using confirmatory principal components and 

varimax rotated factor analysis. Higher-order confirmatory principal components analysis 

and varimax rotated factor analyses were also performed on the scales representing the 

composite “potential for benefit” latent construct, with all measures transformed to a 0–100 

scale to assure comparable contribution to covariance structure. The composite PBS was 

computed as the average of the scores of the standardized candidate scales, weighted by the 

factor loading of each score on the latent variable.

Separate analyses of covariance were used to estimate the contribution of the composite PBS 

to baseline adherence to treatment and hemoglobin A1c, adjusted for patient demographic 

characteristics. Logistic regression was used to assess the relationship of the Potential for 

Benefit Scale to hemoglobin A1c at the 1-year follow-up period, adjusted for baseline 

HbA1c, and patient demographic characteristics.
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RESULTS

Patients in the study sample had relatively well controlled diabetes, with a mean HbA1c of 

7.6, although there was substantial variation (SD, 1.7; Table 2). Only 32.8% reported no 

problems in adhering to treatment regimens related to their diabetes.

Patients reported moderate levels of comorbidity (TIBI mean = 5.1, SD = 3.5; Table 2). 

Scores on the PFI-10 (mean = 64.4, SD = 29.7) were comparable to our previous studies 

among patients with type 2 diabetes,53 and suggest relatively poor functioning compared 

with the general population.32 Compared with patients with diabetes in our prior studies,54 

patients in this study were very passive (mean PDHCO = 52.9, SD = 18.0). Scores in this 

range have been associated with declines of ≥0.5 standard deviations in the SF-36 PFI-10 

over a 1-year period.23 Study patients also reported relatively high levels of depressive 

symptoms (modified CES-D mean = 12.5, SD = 8.0), exceeding the level observed in other 

studies of patients with type 2 diabetes.53 Study patients showed substantial variation in the 

amount of perceived diabetes burden (mean diabetes burden = 39.7, SD = 28.9).

There were statistically significant correlations among all of the candidate measures of the 

higher-order construct of “potential for benefit,” lending support for the creation of a 

composite measure (Table 3). Factor loadings resulting from a principal components 

analysis confirm that all candidate variables had primary loadings on the first factor, which 

explained 44.0% of the variance in the covariance matrix. This same pattern of findings was 

observed in the longitudinal cohort subsample.

We created the composite Potential for Benefit Scale (PBS), using a weighted average of the 

scores of the candidate measures (mean PBS = 25.3, SD = 11.3; data not shown). The 

composite PBS was significantly correlated with baseline adherence to treatment (Pearson r 
= −0.31, P < 001), and mean HbA1c (Pearson r = 0.12, P < 0.001; data not shown).

Results of analyses of covariance adjusted for age, gender, education, and race/ethnicity 

showed that patients in the highest quartile of the PBS had the highest proportion of those 

reporting the optimal adherence to treatment regimens (55%). Those in the lowest quartile 

reported the poorest adherence (18% reporting optimal adherence, P < 0.001; Table 4). 

Proportions of patients adhering to treatment decreased for each quartile from highest to 

lowest; however, the lowest 2 quartiles were not statistically significantly different from each 

other. These findings parallel what was observed in the longitudinal cohort subsample at 

baseline.

Similarly, after adjustment, those in the highest quartile of the PBS had a mean HbA1c of 

7.39% (SE, 0.09) with 50.2% having HbA1c values less than 7%, while those in the lowest 

PBS quartile had a mean HbA1c of 7.75% (SE, 0.09), with only 38.0% having HbA1c 

values less than 7% (Table 4). In all 3 models, PBS was statistically significantly associated 

with the dependent variable, accounting for 16%, 12%, and 19% of the explained variance in 

adherence to treatment, proportion of patients with HbA1c values less than 7% and mean 

HbA1c, respectively. Replicating these analyses in the longitudinal cohort subsample 

produced results that parallel the findings reported here.
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To assess the relative contribution of the composite PBS to glycemic control at 1-year 

follow-up, we conducted a logistic regression with HbA1c less than 7% as the dependent 

variable, using baseline PBS, baseline HbA1c values, and patient’s age, gender, education, 

and race/ethnicity as independent variables and covariates. The composite PBS was 

statistically significantly related to the target HbA1c value (less than 7%), after adjustment 

(adjusted OR = 1.61, P < 0.05) (Table 5).

DISCUSSION

Recent negative or “small effect” clinical trials have directed attention to the differential 

response of important and often large subgroups of patients.8–12 In addition to the severity or 

stage of the specific disease being studied, other patient characteristics such as comorbidity 

or passivity may change the potential of some patients to respond to treatment, particularly 

in trials where the effectiveness of treatment is contingent on successful patient behaviors. 

As has frequently been observed,13,15,17 the a priori risk-stratification by subgroups of 

patients with differential potential for benefit from treatment, could both improve the 

efficiency and effectiveness of clinical studies and provide useful information for ‘tailoring’ 

treatment for specific subgroups to practicing clinicians.

This article focuses on selected patient characteristics, each representing key constructs from 

our proposed conceptual framework, to help identify groups of patients with greater or lesser 

potential to respond to treatment. The intent was to identify candidates for a composite 

measure that, with further development and testing, could be used as a design variable for 

clinical studies, and to provide useful information for eventual “tailoring” of treatment to 

improve the effectiveness of care.

When attempting to create subgroups of patients with differing potential for benefit from 

treatment, the construct with the greatest clinical credibility and the strongest empirical link 

with treatment outcomes is patients’ health profile. We represented patients’ health profile 

with both general and disease-specific measures. In this study and elsewhere,22,24 the TIBI 

has also been shown to have a significant relationship to functional status, as measured by 

the SF-36. Although conceptually distinct, the modest association between the severity of 

multiple comorbidities, as measured by the TIBI, and the performance of routine daily 

activities, as measured by the SF-36, suggested that both could contribute independently to 

the categorization of patients’ potential for response to treatment. When considered together, 

our analyses showed that both were significantly associated with compliance and HbA1c, 

and explained more variation in both dependent variables that when each was considered 

alone.

Depression has been linked with poor health outcomes, including higher HbA1c among 

patients with diabetes.1 The association of depressive symptoms and lack of engagement in 

health enhancing behaviors,55–56 along with the interrelationship between depression, 

functional status and multiple comorbidities led us to consider a measure of depressive 

symptoms as a candidate for inclusion in the PBS.
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Finally, the perceived burden of the disease under study, in this case diabetes, could also be 

an important and independent contributor to the patient’s potential for response to treatment. 

As the management of any specific chronic disease becomes more complex, and is perceived 

to be more difficult or arduous by the patient, the potential for response to any additional 

treatment may be reduced. Therefore, we also considered this variable as a candidate 

contributor to the PBS.

To represent the many personality characteristics with established relationships to health 

outcomes that could contribute to a composite potential for benefit measure, we focused on a 

passive approach to health and healthcare. Since the effectiveness of a treatment often 

requires the active engagement of patients in sometimes complex regimens, a passive 

approach to disease management could reduce the potential for treatment response.45–46,49 

Data from the Type II Diabetes Patient Outcomes Research Team have shown that passive 

patients have substantial and statistically significant declines in health status, as measured by 

the PFI-10, over a 1-year period.44 Data from the current study also show that passivity is 

associated with poorer physical functioning, more depressive symptoms, greater total illness 

burden and perceived diabetes-specific burden, and with poorer adherence to treatment and 

poorer glycemic control. This variable was therefore considered as a candidate for reducing 

patients’ potential for treatment response.

Empirical testing of this group of candidate measures supported the creation of a composite 

measure, the PBS, that could be used to categorize overall potential for a differential 

response to treatment. The significant and substantial relationship of the PBS to adherence at 

baseline, as well as to glycemic control at baseline and at 1-year follow-up, supports the 

validity of this higher-order construct to reflect a differential responsiveness to treatment in 

this study.

Clearly this research is preliminary and represents a first step in the development of a 

composite that could classify patients by potential for treatment response. Further research is 

needed to assess the relative contribution of other dimensions of potential for benefit, eg, 

elements of a “behavioral profile,” “life context,” and “medical context,” as well as other 

measures of the “health” and “personality” profiles, in a more refined categorization of 

subgroups of patients with greater and lesser likelihood to respond to treatment. 

Longitudinal studies, in other diseases, other patient populations, and other clinical settings 

are needed to assess generalizability of the findings of this study.

If successful, a more fully developed composite measure could be used to identify a priori 

treatment groups with differential potential for treatment response, with varying effect sizes, 

for more interpretable and efficient design of randomized controlled clinical trials. Such 

redesign of trials could potentially obviate the need for posthoc analyses of subgroups. 

Although each of the contributors to the composite PBS could be used independently as an a 

priori design variable, composite measures simplify the creation of subgroups, increase the 

precision of the identification of such groups, and offer efficiencies in adjustment of trial 

results for baseline states. Data on such subgroups could aid practicing physicians in the 

tailoring of treatments to maximize treatment effectiveness.
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Limitations

This study has a number of limitations. First, we used a single disease, type 2 diabetes, to 

develop the composite potential for treatment response variable. Study findings will need to 

be replicated in other chronic conditions before such a composite measure should be used 

widely in the design of clinical trials. However, because diabetes is a complex, multisystem 

disease, it includes a broader spectrum of chronic diseases and the findings from this study 

are more likely to generalize to at least those diseases. Second, we used data from a poor and 

ethnically diverse population seen at multiple clinics in a single academic medical center. 

Results from this study may not replicate among other patient populations and in other 

treatment settings. Third, we used a selected group of variables to represent potential for 

treatment response. The inclusion of other categories of variables, such as those described in 

the conceptual framework, may enhance the prediction of potential for response. Finally, 

although we followed a cohort for a 1-year period, the results of this study should be 

replicated with longer term transitions in health outcomes to specify the baseline potential 

for treatment response for use in the design of clinical trials.

In summary, we conclude that the measures we tested representing patients’ health status 

and passive orientation toward their healthcare can form a composite that reflects their 

potential for responsiveness to treatment. This composite measure, the PBS, was associated 

with adherence to treatment and to baseline and follow-up glycemic control. Such a measure 

could be useful in the interpretation of comparative effectiveness research and may be useful 

in the redesign of clinical trials.
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FIGURE 1. 
Conceptual model for the development of the Potential for Benefit Scale (PBS).
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TABLE 1

Sample Characteristics (n = 1361)*

Characteristics Cross-sectional Sample Cohort Sample

N         1361         611

Mean age (yr) 59.0 (11.6) 59.0 (11.6)

Mean education (yr)   9.6 (5.1)   9.6 (5.1)

Percent male           40.0%           42.9%

Race/ethnicity (%)

 Non-Hispanic white 26.5 (44.1) 29.1 (45.5)

 Hispanic 54.5 (49.8) 58.9 (49.2)

 Vietnamese 19.0 (39.2) 12.0 (32.5)

Median annual household income ($)   $23,800   $26,700

*
Table entries based on responses to patient questionnaire; entries are means with standard deviations in parentheses or percents as noted.
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TABLE 4

Relationship of Composite Potential for Benefit Scale to Adherence to Treatment, Glycemic Control at 

Baseline (n = 1361)

Levels of Potential for Benefit Scale* Adherence to Treatment† Mean (SE) HbA1c <7%‡ % (SE) HbA1c§ Mean (SE)

Quartile 1 (highest) 0.55 (0.03)¶ 50.2 (2.9)¶ 7.39 (0.09)¶

Quartile 2 0.36 (0.03)‖ 44.6 (2.8)‖ 7.57 (0.09)‖

Quartile 3 0.24 (0.02)** 44.1 (2.9)‖ 7.69 (0.09)‖

Quartile 4 (lowest) 0.18 (0.03)** 38.0 (2.9)‖ 7.75 (0.09)‖

R2 0.16 0.12 0.19

F(3,1358) 37.89†† 2.87†† 2.81‡‡

*
Adherence to treatment compared across quartile groups for the Potential for Benefit Scale (PBS) using analysis of covariance models adjusting 

for age, gender, education and ethnicity. Adjusted means for each outcome are reported.

†
Proportion of patients in each quartile group reporting optimal adherence to treatment regimens.

‡
The proportion of patients with an average glycated hemoglobin (HbA1c) less than 7% at baseline.

§
Mean glycated hemoglobin (HbA1c) collected at baseline.

¶‖**
Significant differences between quartiles in contrast analyses (P < 0.05).

††
P < 0.001.

‡‡
P < 0.05.
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TABLE 5

Relationship of Composite Potential for Benefit Scale to One Year Postenrollment Glycemic Control (HbA1c 

<7%) in the Longitudinal Cohort Subsample, Results From a Logistic Regression Analysis (n = 611)*

Independent Variables

HbA1c <7% at One-Year Follow-up

Odds Ratio (95% CI) P

Potential for Benefit 1.62 (1.004, 2.62) 0.048

 Scale†‡ (score in highest quartile)

Baseline Hemoglobin A1c
§ 0.28 (0.21, 0.35) <0.001

Age† 1.01 (0.99, 1.04) 0.162

Gender (male)† 0.91 (0.59, 1.41) 0.663

Hispanic ethnicity† 0.57 (0.29, 1.11) 0.097

Vietnamese ethnicity† 1.14 (0.57, 2.31) 0.709

Years of education† 1.00 (0.95, 1.06) 0.911

Constant 4132.13 —

*
Subset of patients from the cross-sectional sample participating in 1-year longitudinal cohort study; logistic regression analysis modeling attaining 

a glycated hemoglobin (HbA1c) value less than 7% at 1-year follow-up was used to derive table entries.

†
Reported from patient questionnaire at baseline.

‡
A composite measure scored as the weighted mean of scores on the Total Illness Burden Index (TIBI), PFI-10, PDHCO scale, CES-D, and the 

Diabetes Burden Scale; scores ranged from 0 to 100; weighted derived from factor loadings from a principal components analysis.

§
The mean glycated hemoglobin (HbA1c) value collected at baseline.
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