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OBJECTIVE

Toassesspatientcharacteristics andtreatment factorsassociatedwithuncontrolled
type 2 diabetes (T2D) and the probability of hemoglobin A1c (A1C) goal attainment.

RESEARCH DESIGN AND METHODS

Thiswas a retrospective cohort studyusing theelectronic health recordatCleveland
Clinic. Patients with uncontrolled T2D (A1C >9%) were identified on the index date
of 31 December 2016 (n 5 6,973), grouped by attainment (n 5 1,653 [23.7%]) or
nonattainment (n 5 5,320 [76.3%]) of A1C <8% by 31 December 2017, and
subgroups compared on a number of demographic and clinical variables. On the
basis of these variables, a nomogramwas created for predicting probability of A1C
goal attainment.

RESULTS

For the entire population, median age at index date was 57.7 years (53.3% male),
and the majority were white (67.2%). Median A1C was 10.2%. Obesity (50.6%),
cardiovascular disease (46.9%), and psychiatric disease (61.1%) were the most
common comorbidities. Metformin (62.7%) and sulfonylureas (38.7%) were the
most common antidiabetes medications. Only 1,653 (23.7%) patients achieved an
A1C<8%. Predictors of increasedprobability ofA1C goal attainmentwereolder age,
white/non-Hispanic race/ethnicity,Medicare health insurance, lower baselineA1C,
higher frequency of endocrinology/primary care visits, dipeptidyl peptidase 4 in-
hibitor use, thiazolidinedione use, metformin use, glucagon-like peptide 1 receptor
agonist use, and fewer classes of antidiabetes drugs. Factors associated with lower
probability included insulinuseand longer time in theT2Ddatabase (bothpresumed
as likely surrogates for duration of T2D).

CONCLUSIONS

Aminority of patients with an A1C >9% achieved an A1C <8% at 1 year. While most
identified predictive factors are nonmodifiable by the clinician, pursuit of frequent
patient engagement and tailored drug regimens may help to improve A1C goal
attainment.
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We previously reported a relatively high
rate of clinical inertia in patients with un-
controlled type 2 diabetes (T2D) (hemo-
globinA1c [A1C].7%,N57,389) despite a
stable regimen of two oral antihyperglyce-
micdrugs (OADs) for at least6monthsprior
to the index A1C (1). In nearly two-thirds of
patients, there was no evidence of phar-
macologic intensification of diabetes
therapy during the 6 months after the
uncontrolled A1C. Most concerning was
the observation that amongpatients in the
highest index A1C category (A1C .9%,
N 5 1,448), therapy was not intensified
in 44% of patients. While clinical inertia is
one contributor to a reduced likelihood of
A1Cgoal attainment, there aremanyother
patient factors that may play a role, in-
cluding socioeconomic circumstances. In
addition, T2D is a progressive disease, and
therefore, patients should inherently re-
quire more therapy over time to control
glycemia. It has been demonstrated that
persistent elevation in A1C above target
(usually defined as A1C equal to or below
7%) confers an increased risk of diabetes-
related complications, particularly those
that are microvascular (2,3). Moreover,
health care entities participating in ac-
countable care organizations/shared sav-
ings programs monitor the percentage of
patientswith anA1C.9% (4). Thus, health
care organizations are sharing risk with
third-party payers related to these
diabetes-related outcomes. There is min-
imal literature on the characteristics of an
uncontrolledT2Dpopulationand theprob-
ability of reaching A1C goal attainment.
The goal of this research was to identify a
cohort of patients with uncontrolled T2D
(A1C .9%) within the electronic health
record (EHR) at ClevelandClinic (CC) and to
analyze the A1C goal attainment rate
(A1C ,8%) 1 year later. Using these
data, a prediction model was devel-
oped in an attempt to identify variables
that predict A1C goal attainment in this
population. This model could serve as a
means of identifying subgroups of pa-
tients who require additional resources
or alternative approaches to T2D man-
agement in order to improve the rates
of A1C goal attainment.

RESEARCH DESIGN AND METHODS

Study Cohort
The EHR system at CCwas used to identify
a cohort of adult patients ($18 years)
with a diagnosis of T2D and who were
determined to have uncontrolled T2D as

reflected by an A1C .9% between 1 Jan-
uary 2015 and 31 December 2016 (based
on A1C recorded closest to 31 December
2016). The CC health care system includes
patients managed for diabetes by primary
care providers or endocrinologists and
covers care at academic institutions as
well as community practices.

The first step in identifying the study
cohort was to establish a T2D preva-
lence cohort within the CC EHR database
as of 31 December 2016 (5). The Elec-
tronic Medical Records and Genomics
(eMERGE) Network algorithm (6), mod-
ified to include ICD-10 codes in addition
to ICD-9 codes as in the original algo-
rithm, was used to calculate the earliest
date when a patient record contained
any of the following combinations: T2D
code (ICD-9 codes 250.x0 or 250.x2; ICD-
10 codes E11.xx) and T2D medication,
T2D code and abnormal glucose, T2D
code recorded twice and an outpatient
insulinprescription, T2Dmedicationand
abnormal glucose, or insulin preceded
by T2D medication. Patients with ICD-9
codes at any time specific for type 1
diabetes (250.x1, 250.x3) and/or ketoa-
cidosis (250.10 and250.12)orwith ICD-10
codes E08 (diabetes mellitus due to un-
derlying condition), E09 (drug or chemical
induced diabetes mellitus), E10 (type 1 di-
abetes mellitus), or E13 (other specified
diabetes mellitus) were excluded. Abnor-
mal glucose was defined based on the
American Diabetes Association criteria
(fasting blood glucose [BG] $126 mg/dL,
A1C $48 mmol/mol [$6.5%], or ran-
dom BG $200 mg/dL). The earliest
date that any of the five conditions
was met was documented as the date
on which the patient first met the criteria
for T2D. Next, patients must have had a
completed endocrinology or primary care
visit during the period 2015–2016. Finally,
to be included in the study, the most
recent A1C between 1 January 2015 and
31 December 2016 must have been
.9%. Patients without an A1C during
this time window were not included.

Data Collection and Analysis
The following baseline characteristics
and variableswere recorded as identified
in each patient’s EHR within the 2-year
period from 1 January 2015 through
31 December 2016, using the recorded
value closest to 31 December 2016: age,
race/ethnicity, sex, median household
income, insurance status, time in T2D

data set (time from earliest date that
patient met T2D criteria in the EHR per
the modified Kho algorithm described
above), A1C, completed endocrinology
and primary care ambulatory encounters
(all-cause), other encounters (phone, on-
line messaging with health care provider
using a patient portal, refills, and other
[seen by nurse, review of test results,
health education, immunization, home
care, social work]), and antidiabetes
medications. A diabetesmedication class
was identified as active if it remained in
the current medication list in the EHR for
at least 3 months after being initiated
(first appearing on themedication list). A
3-month time frame was chosen to con-
firm that the medication was not only
prescribed, but also that it was not dis-
continuedearly in the courseof treatment
for any reason. Income was defined ac-
cording to 5-year estimates of 2011–2015
median household income at the block
group level obtained from the American
Community Survey (7) conducted by the
U.S. Census Bureau.

The following comorbidities were re-
corded if they were present at any time in
the patient’s EHR dating back to 1998:
obesity, cardiovascular disease, heart
failure, hypoglycemia, psychiatric disease,
cognitive impairment, chronic kidney dis-
ease (CKD), and alcohol or substance
abuse. Charlson comorbidity index (CCI)
score was determined based on all co-
morbidities identified through ICD-9 and
ICD-10 codes in the patient’s EHR (8,9).
Please see Supplementary Table 1 for a
complete list of ICD-9/-10 codes used to
identify comorbidities. Figure 1 provides a
schematic of the study data collection
time frames.

On the basis of the most recent A1C
value recorded between 1 January
2017 and 31 December 2017 (closest
value to 31 December 2017) patients
were grouped according to attainment
of an A1C goal of ,8% or nonattain-
ment of that goal ($8%), and the two
subgroups were compared. In recogni-
tion that A1C goals may vary by patient, a
goal of ,8% was chosen to allow for the
capture of patients who were meeting
individualized goals higher than 7%. Char-
acteristics were reported using count with
percentage for categorical variables and
medianwith interquartile range (IQR;25th,
75th percentile) for continuous variables.
Categorical variables were evaluated for
associationusing thex2 test, and continuous
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variables were tested using the Wil-
coxon Mann-Whitney rank sum test.
Patients with missing A1C data between
1 January 2017 and 31 December 2017
were included in the nongoal attain-
ment subgroup (A1C $8%) because, in
real-worldpractice, theabsenceofadocu-
mented A1C value to verify the patient’s
control status results in the patient’s A1C
arbitrarily being assigned/considered as
uncontrolled by the Centers for Medicare
& Medicaid Services.

Prediction Model
The model was initiated with the 28
provided candidate variables and re-
duced to find the best fitting parsimo-
niousmodel.Candidatevariables included
the following: age; sex; race; ethnicity;
median income; insurance; A1C; time in
theT2Ddata set; completedprimary care
and endocrinology office visits during
2015–2016; therapy with a dipeptidyl
peptidase 4 inhibitor (DPP-4i), sodium–

glucose cotransporter 2 inhibitor (SGLT-
2i), sulfonylurea, thiazolidinedione (TZD),
metformin,a-glucosidase inhibitor (AGI),
glucagon-like peptide 1 receptor agonist
(GLP-1RA), or insulin; total number of
diabetes medications; obesity; history
of cardiovascular disease, congestive
heart failure, hypoglycemia, depression,
other psychiatric diseases, cognitive im-
pairment, CKD, or alcohol or substance
abuse; and CCI score. Interaction terms
between all therapies and the comorbid-
ities listed above were also included in
the initial model. The model reduction
process was performed using Frank

Harrell’s “step-down”model approximation
method (10), where all the risk factors
are ranked by their impact on the full
model’s R2 from the least impact to the
most impact and are removed from the
model. At each removal, the model’s
discrimination is calculated and stopped
when the change in discrimination is less
than a given threshold. The final pre-
diction model was measured by the in-
dex of prediction accuracy (IPA) (11). The
model was internally validated with
1,000 bootstrap samples to obtain bias-
corrected discrimination using a concor-
dance index (c-index). The c-index is a
measure of the predictive accuracy
(goodness of fit) for binary outcomes
in a logistic regression model; values
range from 0.5 (predictive accuracy of
model no better than chance) to 1.0
(modelpredicts outcomesperfectly). The
model was used to create a nomogram
to predict the probability of goal attain-
ment based on patient and treatment
characteristics.

RESULTS

Study Cohort
The modified eMERGE algorithm initially
identified 288,692 patients with T2D in
the CC EHR database. Of these, 103,969
patients had a completed endocrinology
or primary care encounter between 1 Jan-
uary 2015 and 31 December 2016, and
6,973 (6.7%) of these patients had an
A1C.9% on their most recent visit prior
to 31 December 2016; these patients
comprised the study cohort (Table 1).
For the entire population, the median

(IQR) age was 57.7 years (49.8, 66.2
years), 53.3% were male and a majority
of patients were white (67.2%). Median
index A1C, reflective of themost recently
recorded between 1 January 2015 and
31 December 2016, was 10.2% (9.6%,
11.4%). The median time between the
recorded index A1C and 31 December
2016 was 96 days (IQR 5 47, 183 days).
Median length of time between the
earliest date that a patient met the
study’s criteria for T2D identification in
the EHR and the index date of 31 Decem-
ber 2016 was 2.9 years (IQR 5 1.7, 4.4
years). Obesity (50.6%), cardiovascular
disease (46.9%), and psychiatric disease
(61.1%) were the most common comor-
bidities. Overall, metformin (used by
62.7%) and sulfonylureas (used by
38.7%) were the most common antidi-
abetic therapies. In ;13% of patients,
therewerenorecordedantidiabetesmed-
ications during the period 2015–2016.

Only 1,653 (23.7%) patients achieved a
documentedA1C,8%asof 31December
2017.Median time between the recorded
follow-upA1Cand31December2017was
94days (IQR548, 172days). Thebaseline
demographic (2015–2016) and comor-
bidity (1998–2016) characteristics of
the patient subgroups stratified by A1C
goal attainment status are presented in
Table 1. The subgroup of patients who
attained the A1C goal of ,8% by 1 year
versus those who did not (as of 31 De-
cember 2017) was observed to be older
(median, 59.5 vs. 57.1 years; P, 0.001), a
higher proportion were white (72.2%
vs. 65.6%; P , 0.001) and non-Hispanic
or Latino (92.0% vs. 89.8%; P 5 0.004),
had a higher median income ($50,715 vs.
$49,057; P5 0.006), a higher proportion
with Medicare insurance (35.2% vs.
29.9%; P, 0.001), lowermedian baseline
A1C (9.9%vs. 10.3%;P,0.001), andhada
greater mean number of A1C measure-
ments during 2015–2016 (3.13 vs. 3.01;
P5 0.044). With regard to comorbidities,
the baseline characteristics of the sub-
group that attained goal included a lower
prevalence of obesity (47.9% vs. 51.5%;
P5 0.011) but a higher prevalence of CKD
(16.3% vs. 14.0%; P 5 0.020). Other
comorbidities were similar between the
subgroups. Mean CCI score was similar
between the goal attainment subgroups,
but with different score distributions (the
subgroup that did not attain the goal had
greater proportions of people with CCI
scores of 2 and $3).

Figure 1—Study schematic: time frames for identifying relevant study data within each patient’s
EHR. *Includes patients with missing A1C in 2017 (n 5 1,840).
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The cohort of 5,320 (76.3%) patients in
the uncontrolled T2D group as of 31 De-
cember 2017 included 1,840 (34.6%) pa-
tients without any recorded A1C values in
the EHR during 2017. Of these 1,840 pa-
tients with no recorded A1C during 2017:
1,233 (67.0%) had no recorded office visits;
only 6.8% had one or more visit with an
endocrinologist, and 29.5% had one or
more visit with a primary care physician.

However, all 1,840 patients with no re-
corded A1C value during 2017 had at least
one interaction of some typewithin the CC
health care systemduring2017, and87%of
them had .20 different interactions with
the CC health care system during 2017 (an
interaction could include contact other
thanofficevisits, suchasphoneencounters,
online messaging with a health care pro-
vider through a patient portal, medication

refills, and so on). Compared with pa-
tients who had a recorded A1C $8%
during 2017, the no A1C subgroup had
statistically significantly fewer endocri-
nology and/or primary care encounters
and fewer A1Cmeasurements during the
2015–2016 baseline period. In fact, al-
most half (41%) of the no A1C subgroup
had only one recorded A1C during the
2-year baseline period. Supplementary

Table 1—Demographics and comorbidities of 6,973 patients with uncontrolled T2D (A1C >9%) in the CC EHR system as of
31 December 2016, stratified by A1C category as of December 31, 2017

All N 5 6,973

Stratified by A1C as of 31 December 2017

$8%* N 5 5,320 (76.3%) ,8% N 5 1,653 (23.7%) P value

Patient characteristics (2015–2016, value recorded closest to December 31, 2016)
Age, median (IQR) 57.7 (49.8, 66.2) 57.1 (49.2, 65.7) 59.5 (51.2, 67.6) ,0.001
Sex, n (%) 0.113
Female 3,257 (46.7) 2,513 (47.2) 744 (45.0)
Male 3,716 (53.3) 2,807 (52.8) 909 (55.0)

Race, n (%) ,0.001
White 4,684 (67.2) 3,490 (65.6) 1,194 (72.2)
Black 1,744 (25.0) 1,392 (26.2) 352 (21.3)
Other 545 (7.8) 438 (8.2) 107 (6.5)

Ethnicity, n (%) 0.004
Hispanic Americans 456 (6.5) 377 (7.1) 79 (4.8)
Not Hispanic or Latino 6,299 (90.3) 4,779 (89.8) 1,520 (92.0)
Unknown 218 (3.1) 164 (3.1) 54 (3.3)

Median income, median (IQR)
(missing, n 5 96) 49,057 (37,958, 63,445) 49,057 (37,848, 61,892) 50,715 (37,958, 66,451) 0.006

Insurance type, n (%) ,0.001
Medicare 2,174 (31.2) 1,592 (29.9) 582 (35.2)
Medicaid 982 (14.1) 807 (15.2) 175 (10.6)
Private 3,035 (43.5) 2,290 (43.0) 745 (45.1)
Other 782 (11.2) 631 (11.9) 151 (9.1)

Current smoker 1,224 (17.6) 956 (18.0) 268 (16.2) 0.093
Years in T2D database, median (IQR) 2.93 (1.7, 4.4) 2.93 (1.76, 4.44) 2.93 (1.46, 4.51) 0.109
Years in T2D database, mean (SD) 3.77 (3.3) 3.79 (3.25) 3.71 (3.3)
A1C, median (IQR) 10.2 (9.6, 11.4) 10.3 (9.6, 11.5) 9.9 (9.4, 11.0) ,0.001

Number of A1C measurements during
2015–2016, mean (SD) 3.04 (1.90) 3.01 (1.84) 3.13 (1.89) 0.044

Number of A1C measurements during
2015–2016, n (%) 0.022

0 0 0 0
1 1,750 (25.1) 1,332 (25.0) 418 (25.3)
2 1,564 (22.4) 1,233 (23.2) 331 (20.0)
$3 3,659 (52.5) 2,755 (51.8) 904 (54.7)

Comorbidities (as recorded at any time in patient record, dating back to 1998), n (%)
Obesity† 3,531 (50.6) 2,739 (51.5) 792 (47.9) 0.011
Cardiovascular disease 3,268 (46.9) 2,463 (46.3) 805 (48.7) 0.087
Congestive heart failure 848 (12.2) 657 (12.3) 191 (11.6) 0.388
Hypoglycemia 389 (5.6) 299 (5.6) 90 (5.4) 0.786
Depression 2,045 (29.3) 1,570 (29.5) 475 (28.7) 0.545
Psychiatric disease 4,259 (61.1) 3,223 (60.6) 1,036 (62.7) 0.128
Cognitive impairment 695 (10.0) 517 (9.7) 178 (10.8) 0.213
CKD 1,012 (14.5) 743 (14.0) 269 (16.3) 0.020
Alcohol or substance abuse 1,893 (27.1) 1,438 (27.0) 455 (27.5) 0.692
CCI score, mean (SD) 3.14 (2.3) 3.11 (2.24) 3.25 (2.41) 0.284
CCI by category, n (%) ,0.001
0 26 (0.4) 19 (0.4) 7 (0.4)
1 1,759 (25.2) 1,320 (24.8) 439 (26.6)
2 1,851 (26.5) 1,454 (27.3) 397 (24.0)
$3 3,337 (47.9) 2,527 (47.5) 810 (49.0)

*Includes patients with missing A1C in 2017 (n 5 1,840). †Obesity was determined by BMI ($30 kg/m2); 30 patients had missing BMI data.

4 Prediction Model: A1C Goal Attainment in T2D Diabetes Care

https://doi.org/10.2337/figshare.12200135


Table 2 summarizes and compares the
characteristics of patients in the uncon-
trolled T2D subgroup with a recorded
A1C$8% as of 31 December 2017 against
the characteristics of the subgroup with
no recorded A1C during 2017.

T2D Treatment-Related Variables
Figure 2 presents diabetes treatment
characteristics of the goal attainment
(A1C ,8%) and nongoal attainment
(A1C$8%) subgroups during the base-
line period (2015–2016). For the subgroup
that attained the goal as of 31 December
2017,notabledifferences includedahigher
prevalence of patients using metformin
(64.9% vs. 62.0%; P 5 0.038) and lower
proportions of patients using insulin (P ,
0.001),aswellasdifferences in thenumberof
antidiabetes medications used per patient.
The goal attainment subgroup had signifi-
cantlyhighermeannumbersofprimary care
and other (nonphysician) encounters.

Prediction Model
The final prediction model included
17 variables found to be associated with
the probability of A1C goal attainment.
Older age, white and non-Hispanic eth-
nicity, Medicare or private health insur-
ance, lower baseline A1C, higher number
of completed endocrinology and primary
care office visits, DPP-4i use, TZD use,
metformin use, GLP-1RA use, and fewer
classes of antidiabetesmedications were
identified to be predictors of an in-
creased probability of A1C goal attain-
ment. Factors included in the model that
were associated with a lower probability
of A1C goal attainment included insulin
use and longer time in the T2D database
(surrogate for duration of disease). The
relationship between CCI score and prob-
ability of goal attainment was nonlinear.
ACCI scoreof2wasassociatedwith lower
probability than scores of 0, 1, or$3. The
relationship between time since T2Dwas
identified in the patient’s EHR (i.e., time
in T2D database) and the probability of
goal attainment was also nonlinear, with
6 years being the duration associated
with the lowest probability of goal at-
tainment. The relationship between SGLT-
2i use and probability of goal attainment
was mixed. SGLT-2i use was associated
with an increased probability of A1C goal
attainment for patients with a history of
obesity but no history of CKD. Otherwise
SGLT-2i use was associated with a lower
probability of A1C goal attainment.

Figure 2—Baseline (2015–2016) diabetes treatment-related characteristics of patients with T2D and
an A1C.9% as of 31 December 2016, stratified by A1C category (,8% or$8%) as of 31 December
2017.A: Number of different classes of antidiabetesmedications used, 2015–2016. †Includespatients
with missing A1C in 2017 (n 5 1,840). B: Types of antidiabetes medications used, 2015–2016. The
medications used between 1 January 2015 and 31 December 2016 includemedications appearing on
a patient’s currentmedication list in the EHR for at least 3months after being initiated (first appearing
on themedication list.†IncludespatientswithmissingA1C in2017 (n51,840).C:Numberofphysician
encounters, 2015–2016. *Includes patients with missing A1C in 2017 (n5 1,840). †Includes phone/
messagingviaonlinepatientportal/refill/other (seenbynurse, reviewof test results, healtheducation,
immunization, home care, or social work). Endo, endocrinology; SU, sulfonylurea.
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From this model, we created a nomo-
gram (Fig. 3) to predict the probability of
goal attainment based on patient and
treatment characteristics. The top line of
the nomogram, labeled “Points,” is used
to calculate the points associated with
each of the 17 variables. The subsequent
15 lines (“Age” through “CCI”) are the risk
factors (variables) used in the model.
For a given patient, the value for each
variable is plotted on these lines, and a
vertical line is drawn up to the “Points”
line to determine the points associated
for that variable. The points for all var-
iables are thenaddedand the total points
value is locatedon the “Total Points” line;
from that spot on the “Total Points”
line, a vertical line is drawn perpendic-
ularly down to the “Probability of Goal
Attainment” line. Theprobability of goal
attainment is predicted according to the
location at which the vertical line inter-
sects the “Probability of Goal Attain-
ment” line. The regression coefficients
for the predictionmodel, including odds
ratios and 95% CIs, can be found in
Supplementary Table 3.
The calibration of the model was as-

sessed with calibration curves (Supple-
mentary Fig. 1), which measure the
relationship between the outcomes pre-
dicted by the models and the observed
outcomes in the cohort (10,12). The pre-
dictionsmadeby themodelwere close to
the actual outcomes. Probability of goal
attainment was somewhat underesti-
mated in the 50–60% range on the in-
ternal validation. The c-index was 0.648
(95% CI 0.633, 0.663), and the IPA was
5.0% (95% CI 3.9%, 6.0%).
Variance inflation factors were cal-

culated to evaluate possible interrela-
tionships of the model variables with
one another. For all variables, the var-
iance inflation factors ranged between
1 and 2, which suggests substantial
multicollinearity is unlikely to be pres-
ent (13).
A sensitivity analysis was conducted

excluding the 1,840 patients who had no
recorded A1C value during 2017. The
regression coefficients for this analysis
and calibration curves are presented in
Supplementary Table 3 and Supplemen-
tary Fig. 2, respectively. Although theex-
act odds ratios were different between
the two analyses, the effect of each pre-
dictor was similar, thereby supporting
the decision to include the patients with
no recorded A1C during 2017.

CONCLUSIONS
In this cohort of patients with uncon-
trolled T2D (A1C.9%), only aminority of
patients (;25%) achieved an A1C ,8%
1 year later. Unfortunately, most of the
variables found to be predictive of A1C
goal attainment are nonmodifiable from
the standpoint of the clinician (e.g., age,
race/ethnicity, type of insurance, and
certain comorbidities). Perhaps patients
with the noted characteristics predictive
of poorer glycemic control (e.g., non-
white race, younger age, Medicaid and
other non-Medicare/private health in-
surance, very high A1C, and congestive
heart failure) may warrant closer atten-
tion by clinicians. However, other varia-
bles identified as being predictive can be
influenced by a provider, including med-
ication choices and follow-up frequency.
Patients who attained the defined A1C
goal during the follow-up period were
observed to have more frequent A1C
assessments and used fewer different
classes of antidiabetes medications
than thosewhodid notattain thedefined
A1C goal. The patients who attained the
goal also hadmore completed encounters
with primary care physicians and/or en-
docrinology specialists, and while this
requires patient cooperation and dili-
gence in following through with appoint-
ments, the clinician cannonetheless strive
for a more aggressive follow-up schedule
in those patients not meeting A1C goals.

The predictive contribution of SGLT-2i
use was mixed and dependent on the
concomitant presence or absence of obe-
sity and CKD. SGLT-2i use was generally
associated with a lower probability of A1C
goal attainment, except for users who had
obesity but not CKD; in the latter patient
type, SGLT-2i use was a positive predictor
of goal attainment. A negative predictive
association with SGLT-2i agents in the
nomogram was somewhat surprising, al-
though the relatively small number of
patients using them makes it difficult to
evaluate as a stand-alone variable. This
class of drug would appear to be a good
option for this cohort of patients with high
cardiovascular risk, prevalent obesity, and
markedly elevated A1C. It is possible that
given their relatively recent introduction
into the market and likely positioning as
later-tieredtherapy inmanycases,patients
using this class of drug may have been
particularly difficult to manage. Certainly,
data from recent cardiovascular and renal
outcome studies with this class of drugs

have clearly established many additional
benefits in patients with T2D beyond im-
provements in glycemic control: cardiovas-
cular risk reduction, a reduction in the risk
of hospitalization for heart failure, and
slowing the progression of CKD (14–18).
Accordingly, SGLT-2i use in populations of
patients at risk for these adverse outcomes
would be expected to be beneficial, in-
dependent of the likely impact on prob-
ability of A1C goal attainment.

To our knowledge, the nomogram de-
veloped in this study is thefirstof its kind to
integrate a wide variety of clinical and
nonclinical patient-specific factors into a
single predictive tool, rather than focusing
on outcomes influenced by particular clin-
ical interventions. The nomogram had a
concordance index (global index for vali-
dating predictive ability) of 0.648, which is
far from perfect predictability, yet higher
thanrandomchance(e.g., acoinflip50.5).
Further, the IPA value was 5% (lack of any
predictive value would be reflected by an
IPA of 0). Data evaluating factors that are
potentially predictive of A1C goal attain-
ment in the U.S. are especially scarce. Al
Mansari et al. (19) conducted an interna-
tional (non-U.S.) study of adults with in-
adequately controlled T2D in 10 developing
countries. This study identified many of
thesamevariablescontained inournomo-
gram as being predictive of glycemic goal
attainment, including older age, Cauca-
sian ethnicity, lower baseline A1C, shorter
T2Dduration (the surrogate variable in our
studyis“timeinT2Ddatabase”),andinsulin
use (negative predictor and likely another
surrogate for duration of T2D).

It is possible that there will be a pop-
ulationof patientswith uncontrolled T2D
unlikely to get to the goal, regardless of
the methods used. However, identifying
management practices and patient char-
acteristics that are likely to be associated
with a higher probability of A1C goal
attainment may allow for a more appro-
priate allocation of resources and inter-
ventions to aidwithA1Cgoal attainment.
Those patients with low predicted prob-
abilities of A1C goal attainment could
be enrolled in more focused types of
programs/interventions,ratherthancon-
tinue to flounder in the current usual-
care approach. Alternative approaches
could include assistance from a chronic
care coordinator with regular contact
with the patient or pharmacist for med-
ication review and assistance. What is
clear is that alternative approaches to
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Figure 3—Prediction model nomogram. For each variable, the patient’s status/numerical value is plotted on the unique scale for that variable and
a vertical line is drawn from that locationup to thepoints line to determinea points value for that variable. Thepoints for all variables are thenadded for
a total points score. From the location of the total value on the total points line on the bottom, a vertical line is drawnperpendicularly from that location
down to theprobabilityof goal attainment line. Theprobabilityof goal attainment for thepatient is predictedaccording to thevalueatwhich thevertical
line intersects the probability of goal attainment line. An online calculator application version of the nomogram is available at http://riskcalc.org:3838/
Type2DiabetesA1CGoalAttainment/. Themodelwas initiatedwith 28 candidate variables, including the 17 variables represented in the final prediction
nomogram plus the following 11 variables that were not retained in the final model: sex, median income, therapy with an AGI, sulfonylurea, history of
cardiovascular disease, history of congestive heart failure, history of hypoglycemia, history of depression, history of other psychiatric disease, history of
cognitive impairment, and history of alcohol or substance abuse.
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T2Dmanagement must be developed, as
the current approach to care has only
helped to attain the protocol-defined
A1Cgoal (,8%) in;50%of patients (20).
The finding that Medicare insurance

was a predictor of the probability of A1C
goal attainment paralleled that of older
age also being a positive predictor, as
reported previously in large U.S. data
sets (20–22). Yet, there are specific
challenges with Medicare insurance
not seen with commercial insurance
plans that might have been expected to
somewhat offset this expectation. For
example, the so-called “donut-hole” gap
in coverage with Medicare plans can
potentially hindermedication adherence
(23,24), and therefore, a lower A1C goal
attainment might have been expected in
this group.
The number of primary care and en-

docrinology office encounters was ob-
served to be a predictor of A1C goal
attainment in the model. All of the pa-
tients with no recorded A1C in 2017 were
noted to have had some type of interac-
tion with the CC health care system, but
two-thirds of them had no office visits
during that time. Further investigation of
this observation is required. This finding
wouldseemtosuggest thatmorefrequent
face-to-face encounters can be an impor-
tant factor in the likelihood of A1C goal
attainment and seems to be an intuitive
finding. More frequent face-to-face en-
counters may be speculated to improve
patient (and provider) engagement, as
recommended by the 2018 American Di-
abetes Association/European Association
for the Study of Diabetes consensus state-
ment, which emphasized that a patient-
centeredapproachwith self-management
and engagement be a part of the T2D
management approach (25). However,
increasing the number of office encoun-
ters in the current health care environ-
ment has numerous challenges. We
speculate that patients with an A1C
.9%, particularly those on complex
regimens, may not only benefit from
more frequentoffice-basedencountersbut
also, perhaps, from other nontraditional
forms of contact and communication. For
example, virtual visits, and/or shared med-
ical appointments may be used to improve
access to care. These issues will need to be
topics of further study, as the volume of
these types of alternative encounters be-
tween patient and health care provider
increases in number.

Mental illness is common in patients
withchronicdiseases likediabetes (26–28).
The prevalence of depression was close to
30% in this study cohort, similar to that
reported elsewhere for populations with
T2D (29–31). Depression has been shown
to have a negative impact on diabetes self-
carebehaviors ingeneral (32–34),although
not all analyses have found this (29). In our
study,neithertheprevalenceofdepression
nor other psychiatric disease were differ-
ent between the A1C attainment cohorts.
The current study was not able to differ-
entiate between depression and diabetes
distress,whichareoftenhandledasunique
diagnoses in studies looking specifically at
the impact of these factors on T2D behav-
iors andoutcomes. For example, one study
foundthatdiabetesdistresswasassociated
with poorA1Coutcomes,while depression
without diabetes distresswas not (35).Our
entire cohort consisted of patients who
were selected for having uncontrolled di-
abetes; therefore, it is not surprising that
certain characteristics, such as depression
andothermental illness,were equally high
inbothgroups.Similarly, the rateofalcohol
or substance abuse was 27% in our study
population, which is very consistent with
other reports of alcohol abuse in patients
withdiabetes (36,37). Epidemiologicdataon
substance abuse in T2D are scarce. The rate
of smoking in our cohort (17.6%)waswithin
the range of other reported data (38).

Studies have shown race and ethnicity
to be factors affecting glycemic control
(39–41), and theseemergedaspredictive
variables in the nomogram, with black
and Hispanic american characteristics
each associated with lower probability
of goal attainment relative to white and
non-Hispanic/Latino characteristics. The
reasons for this are likely complex and
worthy of additional analyses to tease
out contributing factors. Prior studies
have noted lower A1C testing rates in
African Americans and Latinos compared
with whites (42). Perceived discrimina-
tion in general (43) and education dis-
crimination (44) have been identified as
barriers to glucose control. Clearly, these
are complex issues that EHR data are
not designed to capture and/or evaluate.
Yet, the development of nomograms for
unique racial/ethnic groups would be an
extremely interesting topic for future
research.

One possible limitation of the nomo-
gram is that it was developed based on a
single institutional data set and may not

be generalizable to other T2D popula-
tions. Also, despite use of the eMERGE
algorithm to identify patientswith T2D, it
is possible that somepatientswithT1Dor
latent autoimmune diabetes of adulthood
may have been included as a result of
misdiagnosis or miscoding. Certain varia-
bles that might be expected to influence
goal attainment were not factored into
the model, such as hypercholesterolemia,
treatment intensification or lack of such,
and patient adherence to medication us-
age andmedical appointments. Poor treat-
ment adherence is a well-known barrier to
glycemicgoalattainment(45),andonethat
we could not capture within the EHR data;
future studies linking clinical EHR data and
claims data (for adherence evaluation)
would be valuable. One important variable
that could not be identified with complete
accuracy in our analysis was duration of
T2D.Wecouldonly determineduration “in
the T2D database,” which reflected the
known duration of T2D while the patient
was a member of the CC health care
system, and this was used as a surrogate
variable for total duration of disease. Fur-
ther, we recognize the potential for con-
foundingbetweenvariables inouranalysis.
For example, we suspect that the negative
predictive influence of insulin therapy is
largely a consequence of its use in patients
with other negative predictors such as
longer duration of disease, comorbidity
burden, and worse A1c status, for example.
We also recognize that insulin use likely
correlates with longer duration of T2D,
given the progressive nature of the dis-
ease and decline in b-cell function over
time. A large national study in Italy found
that patients with T2D placed on insulin
therapy had higher overall risk profiles
and longer duration of disease than those
whowere not (46). We also did not factor
in specifics of insulin therapy such as du-
ration of use or type of insulin (e.g., basal,
bolus). The number of classes of medica-
tionmayalsobeaconfounding factorwith
durationofT2D.Theseandotherpotential
confounders will be important to address
in future research. It is important to keep
inmind that the nomogramwas designed
to assess the collective influence of mul-
tiple factors, and no individual variable
should be interpreted out of the context
of the nomogram as a whole.

It should be noted that fully one-third
ofpatients in thestudycohorthadnoA1C
measurement during 2017 and, per pro-
tocol, were included in the subgroup that
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did not attain the goal (A1C$8%). While
this could be considered a limitation of
the study findings, it also highlights a
limitation of real-world clinical practice.
Patients with a lack of A1C documentation
areconsidereduncontrolledbytheCenters
forMedicare &Medicaid Services. Diligent
A1C follow-up and documentation in pa-
tients with T2D is an area that should be
monitoredbyorganizations toensuremax-
imum credit and reimbursement from
Medicare, particularly institutions that
are participating as Accountable Care
Organizations, on risk-based contracts,
or shared savings contracts. Further,
American Diabetes Association guide-
lines recommend A1C testing at a min-
imum of twice yearly in patients with
well-controlled T2D, and more fre-
quently in patients with uncontrolled
disease (47). In addition, about two-thirds
of the patients lacking A1C data in
2017 had no recorded office visits. Al-
though it is possible that some either left
the CChealth care systemor died at some
point during 2017, all of these patients
had at least one nonoffice visit interaction
(e.g., phone encounters, online messag-
ing with a health care provider through a
patient portal, medication refills) with the
CC health care system during that year,
anda substantialmajority (87%)hadmore
than 20 interactions. A comparison of the
no A1C patients to those with a recorded
A1C$8% during 2017 found that the no
A1C subgroup had fewer A1C measure-
ments andprovider visits during the base-
line time period of 2015–2016, also. In
fact, almost half (41%) of the no A1C
subgroup had only one recorded A1C
during the 2-year baseline period. It is
possible that many patients in this sub-
group were simply less diligent or regular
with follow-up medical care. Finally, the
current study was not designed to com-
pare characteristics of this group of un-
controlled T2D patients with those of
the overall T2D population in the CC EHR
system, although summary characteristics
of the overall T2D population as of 2013
have been published previously (48). The
proportion of patients in the current study
with an index A1C .9% (6.7%) was
similar to that reported for the entire
CC T2D population in 2013 (7.0%) (48).
An online calculator based on this

risk prediction nomogram is avail-
able at http://riskcalc.org:3838/Type
2DiabetesA1CGoalAttainment/. It is
important to keep in mind that this

nomogram was based on and should
be considered specific to patients on
the worst end of the glycemic control
spectrum, many of whom were likely
noncompliant/nonadherent patients.
Future analyses of this type and resulting
nomograms could be developed using
different A1C baseline values and tar-
gets, and it would be interesting to see if
the predictive factors vary based on
modifying the characteristics defining
the cohort of study. Yet, the nomogram
presented here could serve as a valuable
tool at the point of care for uncontrolled
patients, ideally integrated into the EHR
with automated score computation, or
perhaps as an app-based tool. It could
help to identify the high-risk patients
with an A1C.9% that would potentially
benefit frommore frequent encounters,
or from alternative intervention strate-
gies, in an attempt to increase the likeli-
hood of A1C goal attainment. In addition,
the nomogram could also be applied on
a larger scale to an enterprise’s EHR data
to identify high-risk patients, allowing for
the subsequent implementation of a va-
riety of intervention strategies. Ongoing
research in such areas may help drive the
continued evolution of purposeful risk re-
duction strategies for patients with T2D.
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