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Purpose: In an age of value-based payment, primary care providers are increasingly scrutinized on performance metrics that assess quality of care, including the outcomes of their patient population in key
areas such as diabetes control. Although such measures often adjust for patient clinical risk factors or
clinical complexity, most do not account for the social complexity of patient populations, despite
research demonstrating the strong association between social factors and health.
Methods: Using patient electronic health record data from 2 large community health center networks
serving safety net patients, we assessed the effect of both clinical and social risk factors on poor glucose control among diabetics. Logistic regression results were used to estimate the impact of adjusting
for both clinical and social complexity on provider performance metrics. Clinical complexity was measured at the patient-level using the Charlson Comorbidity Index. Social complexity was measured at the
community-level using the Social Deprivation Index.
Results: Clinical complexity alone was not consistently associated with poor diabetes control (ie,
HbA1c > 9%) in diabetic patients with HbA1c testing during the study period. However, increasing social
complexity was significantly associated with higher rates of poor diabetic control in both cohorts. After adding adjustment for social complexity down to the national median score, our models suggest that approximately 25% of providers would have 1 to 2% improvement in the assessment of their diabetes control
measures, with 45% showing a 2 to 5% improvement, and 5% showing more than a 5% improvement.
Conclusions: Providers caring for patients with greater social risk factors may benefit from having
their performance metrics adjusted for the social complexity of their patient populations. ( J Am Board
Fam Med 2020;33:600–610.)
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Introduction
In an age of value-based payment, primary care
providers are increasingly scrutinized on performance metrics that purport to measure quality of
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care, including the health outcomes of their patient
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Patient addresses, however, are routinely collected in EHRs and can be linked to publicly available datasets (eg, US Census, American Community
Survey) that describe the social, economic, and environmental characteristics of the neighborhoods and
communities where patients live. These area-level
data—which some refer to as “community vital
signs” —could be used as a proxy for patient-level
SDH information, thus providing a readily available
opportunity to explore the impact of social complexity on provider performance metrics.20,28 Using
EHR data from 2 large networks of community
health centers (CHCs), we worked closely with
patient, provider, and health system stakeholders to
assess the effect of patient-level clinical complexity
and community-level social complexity on diabetes
control, a prominent focus of performance measurement initiatives for over a decade.15,29,30 Our objectives were to 1) understand the relative contributions
of clinical and social complexity to the probability of
poor diabetes control, and 2) evaluate the association
between patient clinical and social complexity and
provider performance metrics. The results may have
considerable implications for policy and payment,
especially given increasing calls to shift toward models of value-based care.31

Methods
Design and Setting
This retrospective cohort study utilized EHR data
extracted from OCHIN (not an acronym) and
Health Choice Network (HCN), 2 large CHC networks serving safety net patients with high levels of
social complexity. OCHIN provides a centralized
instance of Epic EHR to over 600 CHCs, serving
over 2 million patients, across 18 states.32,33 HCN
provides a centralized EHR for CHCs serving over 2
million patients across 19 states. Both are members
of the National Patient-Centered Clinical Research
Network (PCORnet)—OCHIN is part of the
Accelerating Data Value Across a National Community Health Center (ADVANCE) network and
HCN is part of OneFlorida—and thus have researchready EHR data formatted using the PCORnet common data model. The study was conducted in partnership between the OCHIN and the University of
Florida and was approved by the Western Institutional
Review Board and the University of Florida
Institutional Review Board.
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emergency department.1–3 However, outcomes on
many of these measures are inﬂuenced not only by
provider actions, but also by patient behavior and
comorbidity as well as social factors that impact their
health. Indeed, a large body of research suggests that
social determinants of health (SDH)—“the conditions in which people are born, grow, live, work, and
age”—play a powerful role in shaping health and
contribute as much, or more, to population
health than health care services.4,5 Patients with
more social risk factors (eg, lower income, limited education, and residing in highly deprived
neighborhoods) have increased health care
needs,6 face greater obstacles in following medical recommendations, and are more vulnerable
to poor health outcomes.7,8 Recent evidence suggests that performance metrics may depend on
the SDH of a system’s patient population, as
much or more than patients’ clinical complexities
or individual provider performance.9–13 As a
result, providers who serve populations with
more social risk factors—or greater social complexity—may seem to have lower performance
metrics, relative to those serving less socially
complex populations.14,15
Despite a growing body of evidence suggesting
that adverse SDH can negatively impact the
Triple Aim of improved health outcomes, better
quality of care, and lower health care expenditures, few performance measures account for
social complexity.16,17 Instead, the complexity of
a patient or a panel of patients is largely determined by the number and type of clinical diagnoses and medical care utilization.18 This is
explained in part by data limitations. While commonly used complexity indices accounting for
clinical comorbidity can be computed from diagnosis codes,19 information on patients’ SDH has
traditionally been absent from most clinical and
claims datasets.16,17 This is beginning to change
and several recent national initiatives have highlighted the need for documenting a set of patientreported SDH domains in electronic health
records (EHRs).20–23 However, there are numerous barriers to integrating SDH screening into
clinical settings and ensuring standardized documentation in EHRs.24,25 As a result, despite recent
increases in EHR documentation of patientreported social risks, it will take time before patientlevel SDH information is collected consistently
across large populations of patients.26,27

Variables
The primary dependent variable was diabetes control
status; patients with HbA1c values greater than 9%
were considered poorly controlled. The threshold for
diabetes control was chosen to align with the 2014
Physician Quality Reporting System Measure
Speciﬁcations Manual for Claims and Registry
Reporting of Individual Measures.34 If a patient had
multiple HbA1c tests, the most recent result was used.
Independent variables included measures of
patient-level clinical complexity and community-level
social complexity. Patient-level clinical complexity
was assessed using the Charlson Comorbidity Index
(CCI), a validated measure that predicts the risk of
mortality and resource utilization for patients with a
range of comorbid conditions.35 The CCI has been
used extensively to adjust for clinical complexity in
health care utilization models.11,36,37 Because mental
health conditions are strongly associated with health
outcomes38 but were not included in the original
CCI, we supplemented the score by adding an ordinal variable summarizing mental and behavioral
health complexity (based on ICD-9 and ICD-10 diagnosis codes for depression, substance use disorders,
and psychosis/bipolar disorders; see Appendix 1).
Patient data from 2015 and all available data in years
prior1 were utilized to calculate the CCI.
To assess community-level social complexity, we
utilized the social deprivation index score (SDI), a
weighted composite measure of 7 indicators (percent living in poverty, percent with less than 12
years of education, percent single parent households, percent living in rented housing unit, percent
living in overcrowded housing unit, percent of
1

Patient data may extend as far back as 10/25/2005,
but differs from patient to patient depending upon data
availability.
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households without a car, and percent nonemployed adults under 65 years of age) developed
using factor analysis. The SDI is calculated as a percentile ranking based on all Zip Code Tabulation
Areas (ZCTA) and census tracts in the country. It
has previously been shown to be associated with
population-level health outcomes.39,40 We used a
version of the index that utilizes 2011 to 2015
American Community Survey 5-year estimates.
Each patient in the sample was assigned an SDI
score at the lowest level of geography possible,
using available information on patient address.
HCN patients were geocoded at the ZCTA-level.
OCHIN patients were geocoded at the census tract
level where possible, and at the ZCTA level if their
census tract could not be determined.
Analysis
All analyses were conducted in parallel by OCHIN
and University of Florida (for HCN) analysts, who
utilized shared syntax, but did not share patientlevel data. Logistic regression models were computed to assess the odds of poor glucose control
(HbA1c > 9%). Independent variables included the
CCI (categorized as 0 to 1, 2 to 3, 4 to 5, and 61), an
additional variable to assess the number of mental/behavioral health diagnoses (categorized as 0, 1, 11; see
Appendix 1), and SDI score (continuous variable with
1 unit increments equivalent to 10 National percentile ranks). Models were conducted in a stepped-wise
fashion, with the ﬁrst controlling for CCI, the second
for CCI and mental/behavioral health diagnoses, and
the third for CCI, mental/behavioral health diagnoses, and SDI score. Additional patient covariates were
limited to those used by Centers for Medicare and
Medicaid Services (CMS) in assessing provider quality metrics, which included age and gender.
Following the CMS procedure for adjustment
of Performance Metrics41 for panel clinical complexity, we adjusted quality metrics for providers
with more than 20 patients in the outcome. The
denominator was determined from the formula:
Padj = (Pobs/Pexp)  Ppop where Padj is the percent of
a provider’s diabetic panel with poor glucose adjusted
for model covariates, obtained by multiplying Ppop
(the observed percentage in the entire sample) by the
ratio of Pobs (the observed panel percentage) to Pexp
(the percentage expected based on the providers
patient panel). Pexp (the percentage expected based
on the providers patient panel) was obtained by summing the predicted probabilities for their patients
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Study Sample
The study sample included patients aged 18 to 75
years established in primary care clinics in the
OCHIN or HCN network in 2015. Established
patients were deﬁned as those with an ofﬁce visit in
2015 to a clinic and a prior visit (any year) to the
same clinic. Among established patients, those with at
least 1 outpatient encounter diagnosis of diabetes who
received hemoglobin A1c (HbA1c) testing in 2015
were included in the analyses. Primary care providers
with at least 20 established patients in the OCHIN or
HCN network were included in the sample.

OCHIN
Providers

HCN

898

114

Patients

63,906

9422

Poor glucose control (HbA1c greater than 9.0)
Female

14,021 (21.9%)
35,675 (55.8%)

2374 (25.2%)
5385 (57.2%)

12 to 21
22 to 49

347 (0.5%)
19,831 (31.0%)

50 (0.5%)
2839 (30.1%)

50 to 64

30,152 (47.2%)

5271 (55.9%)

13,576 (21.2%)

1262 (13.4%)

less than 2

31,554 (49.4%)

6625 (70.3%)

2 to 3
4 to 5

21,852 (34.2%)
7742 (12.1%)

2073 (22.0%)
375 (4.0%)

2758 (4.3%)

349 (3.7%)

45,107 (70.6%)

6915 (73.4%)

16,582 (26.0%)

2019 (21.4%)

2217 (3.5%)
79 (55, 92)

488 (5.2%)
80 (63, 91)

Age

64 or older
Charlson Comorbidity Index

6 or higher
Mental and Behavioral Health Diagnoses
0
1
>1
Median SDI Score (25th percentile, 75th percentile)

HBA1c, hemoglobin A1c; SDI, Social Deprivation Index; OCHIN, Oregon Community Health Information Network; HCN,
Health Choice Network.

from the logistic regression model and multiplying
the sum by 100.

Results
Sample Cohort Characteristics
Table 1 provides sociodemographic and both social
and clinical complexity characteristics for the study
sample. The sample cohorts for diabetes outcomes
included 63,906 OCHIN patients, 9422 HCN patients,
898 OCHIN providers and 114 HCN providers. As
might be expected among CHC patients, both the
OCHIN and HCN cohorts had median SDI score
that were higher than the national median (79 for
OCHIN, 80 for HCN, compared with the national
median of 50). The percentages of patients with
HbA1c > 9% (21.9% for OCHIN patients and 25.2%
for HCN patients) were lower than those reported by
the National Committee for Quality Assurance for
2015 (45.4% for Medicaid patients, 27.4% for
Medicare Health Maintenance Organization (HMO)
patients, and 26.5% for Medicare Preferred Provider
Organization (PPO) patients).
Association of Clinical and Social Complexity with
Glucose Control in Diabetics
The results of the ﬁnal model including controls
for age, gender, CCI, mental/behavioral health
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diagnoses, and SDI score are presented in Table 2.
As the addition of SDI had little effect on CCI and
mental/behavioral health variables, we only
reported the results of the ﬁnal model. Full model
results are available in Appendix 2. In the OCHIN
cohort, CCI scores of 4 or higher were associated
with a greater probability of poor glucose control.
Conversely, the number of mental and behavioral
health diagnoses were inversely associated with the
probability of poor glucose control, such that those
with 1 or more than 1 mental/behavioral health
condition(s) had signiﬁcantly lower odds of poor
glucose control (see Table 2). In the smaller HCN
cohort neither the CCI scores nor the number of
mental and behavioral health diagnoses were significantly associated with poor glucose control after
adjustment for age, gender, and SDI.
Although there was not a signiﬁcant relationship
between CCI and diabetes control across the 2
cohorts, increasing social complexity (as assessed by
neighborhood-level SDI score) did have a signiﬁcant association with higher rates of poor diabetic
control in both the OCHIN and HCN cohorts.
Even after adjusting for age, gender, CCI, and
mental/behavioral health diagnoses, for each 10point increase in the SDI, the odds of poorly controlled diabetes increased by 5% in the OCHIN
cohort and 3% in the HCN cohort.
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Table 1. Diabetes Cohort Description

Tested Diabetes Cohort
Odds Ratio for Poor Glucose Control
(95% CI)
OCHIN
N = 63,906

HCN
N = 9422

Charlson Comorbidity Index: 0 to 1

Referent

Referent

Charlson Comorbidity Index: 2 to 3

0.99 (0.94 to 1.03)

0.99 (0.88 to 1.11)

Charlson Comorbidity Index: 4 to 5
Charlson Comorbidity Index: 61

1.19 (1.12 to 1.27)*
1.12 (1.01 to 1.24)*

1.14 (0.89 to 1.45)
0.87 (0.67 to 1.13)

Mental/Behavioral Health Diagnoses: 0

Referent

Referent

Mental/Behavioral Health Diagnoses: 1
Mental/Behavioral Health Diagnoses: more than 1

0.91 (0.87 to 0.96)*
0.81 (0.73 to 0.90)*

1.09 (0.97 to 1.22)
0.97 (0.78 to 1.20)

Social Deprivation Index†

1.05 (1.04 to 1.06)*

1.03 (1.01 to 1.06)*

Results of full logistic regression model of the odds of poor diabetes control, controlling for age, gender, Charlson Comorbidity
Index category, number of mental and behavioral health diagnoses and Social Deprivation Index (SDI) score of the patient’s census
tract (OCHIN) or zip code tabulation area (HCN). SDI scores were calculated using national percentile ranks of the SDI. Diabetic
patients were deﬁned as those with at least one HbA1c measurement in 2015. Poor control was deﬁned as HbA1c > 9 at the last test
in 2015.
*Signiﬁcant at the .05 level.
†
Odds ratio for an increase of 1 unit (10 national percentile ranks) in score.
CI, conﬁdence interval; OCHIN, Oregon Community Health Information Network; HCN, Health Choice Network.

Association of Clinical and Social Complexity on
Provider Quality Metrics
We also evaluated how adjusting primary care providers’ patient panels for clinical and social complexity impacted the assessment of provider quality
metrics for glucose control. After adjusting for CCI,
our estimates suggest that 95.3% of OCHIN providers and 87.7% of HCN providers would improve
their performance assessment (ie, the percent of diabetics in poor control) by 1 or more percentage
points (Table 3). Adding an adjustment for mental/
behavioral health diagnoses to the CCI did not result
in additional improvement in provider quality metrics. However, adjusting for SDI in addition to CCI
and mental/behavioral health diagnoses improved the
assessed rates of glucose control by an additional one
percentage point or more for 15.5% of OCHIN providers and 7.1% of HCN providers. Finally, because
the median SDI of both safety net cohorts is higher
than would be found in the general population, we
determined the predicted adjustment for safety net
providers if the SDI score for their patient panels was
set to the national median of 50. Notably, we found
that 75% of providers across the OCHIN and HCN
safety net cohorts would expect to see an improvement in their performance assessment of 1 percentage point or more if their panel had an SDI
equivalent to the national median (25% would see a
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1–2% improvement, 45% would see a 2–5%
improvement, and 5% would see more than a 5%
improvement in their assessed performance metrics).

Discussion
To our knowledge, this is the ﬁrst study to examine
the combined impact of social and clinical complexity on the odds of poor diabetes control and to
assess the potential implications for provider quality
metrics. Our ﬁndings suggest that community-level
social complexity, as assessed through census or
ZCTA-level SDI score, had a signiﬁcant positive
association with the odds of poor glucose control in
both the OCHIN and HCN cohorts. Across provider panels, including adjustment for social complexity and clinical complexity improved the assessment of diabetes performance metrics more than
adjusting for clinical complexity alone. These ﬁndings support existing evidence of the inﬂuence of
community-level social risk factors on diabetes metrics,6,39,42–45 and are consistent with previous studies
that have found an association between provider
quality measures and neighborhood-level characteristics of their patient populations.14,46,47
The effect of clinical complexity was less consistent across the 2 cohorts. Within the OCHIN
cohort, a CCI of over 4 was associated with greater
odds of poor diabetes control. Although a CCI of 6
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Table 2. Association of Clinical and Social Complexity with Odds of Poor Glucose Control in Diabetic Patients

Poor Glucose Control
in Diabetics
OCHIN

HCN

898

114

1 to 2 percentage point improvement

227 (25.3%)

66 (57.9%)

2 to 5 percentage point improvement
Greater than 5 percentage point improvement

616 (68.6%)
13 (1.4%)

33 (28.9%)
1 (0.9%)

Number of Providers
Providers with improved performance assessment after adding adjustment
for Charlson Index to adjustment for age and sex

Providers with improved performance assessment after adding adjustment
for Mental and Behavioral Health Score to adjustment for age, sex and
Charlson Index
1 to 2 percentage point improvement

0

0

2 to 5 percentage point improvement
Greater than 5 percentage point improvement

0
0

0
0

Difference in provider metric due to adding adjustment for SDI score to
age, sex, Charlson Index and MHBH Score
1 to 2 percentage point improvement
2 to 5 percentage point improvement
Greater than 5 percentage point improvement
Difference in provider metric due to adding adjustment to the median
National SDI score to adjustment for age, sex, Charlson Index and
MHBH Score
1 to 2 percentage point improvement
2 to 5 percentage point improvement
Greater than 5 percentage point improvement

113 (12.6%)

6 (5.3%)

25 (2.8%)

2 (1.8%)

0

0

213 (23.7%)
421 (46.9%)

49 (43.0%)
34 (29.8%)

54 (6.0%)

3 (2.6%)

Following the CMS procedure for adjustment of Performance Metrics for panel clinical complexity, provider quality metrics were
adjusted for providers with more than 20 patients with the outcome.
OCHIN, Oregon Community Health Information Network; HCN, Health Choice Network; MHBH, Mental/Behavioral Health
Diagnoses; SDI, Social Deprivation Index.

or more was also associated with greater odds of
poor diabetes control, the odd ratio was slightly
smaller than for a CCI of 4 to 5. Interestingly, having 1 or more mental/behavioral health diagnoses
was associated with reduced odds of poor control.
Previous research has found a similar association
between higher levels of clinical complexity and
better measures of diabetes control.48–50 A potential
explanation for this trend is that patients with more
comorbidities use health care more frequently and
thus may be more closely monitored.51 Given that
those with mental/behavioral health conditions are
likely to have more frequent touch points with the
health care system overall, a similar explanation
could also underlie the ﬁnding that those with more
than 1 mental/behavioral health diagnoses had
reduced odds of poor diabetes control relative to
those with no mental/behavioral health diagnoses.
Within the HCN cohort, measures of clinical
complexity and mental/behavior health diagnoses
were not signiﬁcant. A potential reason for this could
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be the relatively small sample size (there were only
9422 HCN patients, compared with 63,906 OCHIN
patients), which is also reﬂected in the number of
patients in the higher CCI categories (724 for HCN
compared with 10,500 for OCHIN). It could also be
due to other unobserved differences between these 2
cohorts that are beyond those scope of the present
analysis. Future studies should investigate further
these inconsistencies and explore the association
between clinical and social complexity and diabetes
control in additional cohorts of patients.
Our ﬁndings have signiﬁcant clinical, health systems, and policy implications. First, these ﬁndings
suggest that providers caring for populations with
greater social complexity may beneﬁt from having
their performance metrics and reimbursements
adjusted. As the United States moves increasingly
toward value-based purchasing models of reimbursement, further research and reﬁnement of a
combined measure of social complexity may contribute to more effective and equitable value-based
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Table 3. Estimated Effect of Adjustment for Clinical and Social Complexity on Provider Quality Metrics

Limitations
Several limitations must be considered when interpreting our results. First, in the absence of robust
patient-level SDH data, we utilized aggregate community-level data about where patients live as a
measure of social complexity. As more patient-level
social risk screening data becomes available, future
research should examine the concordance between
measures of community- and patient-level social
risk factors and seek to understand the appropriate
uses of both sources of information.53 Such
research could help to disentangle whether community-level data are a valid a proxy for information
on patient-reported social risks, as well as enhance
our understanding of the relative impact of
“place”—or the neighborhood and community
environments in which people live—on both individual and population health, independent of individual-level risk factors.54
Second, our study examined already socially
vulnerable cohorts, so the effect size of social
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complexity adjustment may underestimate the
true impact of SDH on diabetes control. Future
research in this area should expand to include
more heterogeneous populations, such as national
or nonsafety net samples, to examine the impact
of social complexity across a broader spectrum of
patients. Similarly, there are limitations of the
sample cohort for unbiased assessment of the
impact of social complexity on provider performance. The CMS formula multiplies the ratio of
observed/expected performance by the sample
mean to get the adjusted performance; because
our study cohorts have higher degrees of social
complexity than the national population, adjusting to the sample mean is adjusting to a mean that
is likely higher than a national sample.

Conclusions
In the absence of wide-spread patient-reported
social determinants of health data, we used an areabased measure of social deprivation to understand
the impact of social complexity on provider performance metrics. Even after controlling for clinical
complexity, our ﬁndings showed a positive association between higher levels of community-level
social deprivation and the odds of poor diabetes
control. As payment models shift toward valuebased pay, it will be important to adjust for social
complexity when assessing differences in provider
metric scores.
To see this article online, please go to: http://jabfm.org/content/
33/4/600.full.
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F18.221, F18.229, F18.24, F18.25, F18.250, F18.251, F18.259, F18.27, F18.28, F18.280, F18.288, F18.29, F19.2, F19.20,
F19.21, F19.22, F19.220, F19.221, F19.222, F19.229, F19.23, F19.230, F19.231, F19.232, F19.239, F19.24, F19.25, F19.250,
F19.251, F19.259, F19.26, F19.27, F19.28, F19.280, F19.281, F19.282, F19.288, F19.29
Patients were classiﬁed as having a history of depression, psychosis or bipolar disorders, or substance abuse based on presence of the
diagnosis codes in their electronic health records. they were then classiﬁed as having 0, 1, or more than one of these three types of
conditions.
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0.81 (0.73 to 0.90)
1.05 (1.04 to 1.06)

0.91 (0.87 to 0.96)

1.12 (1.01 to 1.24)
Referent

1.19 (1.12 to 1.27)

Referent
0.99 (0.94 to 1.03)

Full Model

0.89 (0.69 to 1.15)

1.15 (0.90 to 1.46)

Referent
0.99 (0.88 to 1.15)

Step 1 Model

0.98 (0.79 to 1.22)

1.09 (0.97 to 1.22)

0.89 (0.68 to 1.15)
Referent

1.14 (0.90 to 1.45)

Referent
0.99 (0.88 to 1.11)

Step 2 Model

HCN (n = 9422)

0.97 (0.78 to 1.20)
1.03 (1.01 to 1.06)

1.09 (0.97 to 1.22)

0.87 (0.67 to 1.13)
Referent

1.14 (0.89 to 1.45)

Referent
0.99 (0.88 to 1.11)

Full Model

Full results from stepwise logistic regression model of the odds of poor diabetes control, controlling for age, gender, Charlson Comorbidity Index category, number of mental and behavioral
health diagnoses and social deprivation index (SDI) score of the patients neighborhood. SDI scores were calculated using national percentile ranks of the SDI Index. Diabetic patients were
deﬁned as those with at least one HbA1c measurement in 2015. Poor control was deﬁned as HbA1c > 9 at the last test in 2015.
CI, conﬁdence interval; OCHIN, Oregon Community Health Information Network; HCN, Health Choice Network.

0.79 (0.71 to 0.88)

1.11 (1.00 to 1.23)
Referent

1.19 (1.11 to 1.26)

0.90 (0.86 to 0.94)

1.06 (0.96 to 1.17)

Charlson Comorbidity Index: 61
Mental/Behavioral Health Conditions: 0

Mental/Behavioral Health Conditionss: more than 1
Social Deprivation Indexs
(Increase of 10 percentile ranks)

1.15 (1.08 to 1.22)

Charlson Comorbidity Index: 4 to 5

Referent
0.98 (0.94 to 1.02)

Step 2 Model

Mental/Behavioral Health Conditions: 1

Referent
0.96 (0.92 to 0.96)

Charlson Comorbidity Index: 0 to 1
Charlson Comorbidity Index: 2 to 3

Step 1 Model

OCHIN (n = 63,906)

Tested Diabetes Cohort
Odds Ratio for Poor Glucose Control
(95% CI)

Appendix 2: Association of Clinical and Social Complexity with Glucose Control Outcomes in Diabetic Patients: Results of Stepwise Regression Models
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