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OBJECTIVE

Several diabetes clinical practice guidelines suggest that treatment goals may be
modified in older adults on the basis of comorbidities, complications, and life
expectancy. The long-term benefits of treatment intensification may not outweigh
short-termrisks forpatientswith limited life expectancy.Becauseof theuncertainty
of determining life expectancy for individual patients, we sought to develop and
validate prognostic indices for mortality in older adults with diabetes.

RESEARCH DESIGN AND METHODS

We used a prevalence sample of veterans with diabetes who were aged ‡65 years
on 1 January 2006 (N 5 275,190). Administrative data were queried for potential
predictors that included patient demographics, comorbidities, procedure codes,
laboratory values and anthropomorphic measurements, medication history, and
previous health service utilization. Logistic least absolute shrinkage and selection
operator regressions were used to identify variables independently associated
with mortality. The resulting odds ratios were then weighted to create prognostic
indices of mortality over 5 and 10 years.

RESULTS

Thirty-seven predictors of mortality were identified: 4 demographic variables,
prescriptions for insulin or sulfonylureas or blood pressure medications, 6 bio-
markers, previous outpatient and inpatient utilization, and 22 comorbidities/
procedures. The prognostic indices showed good discrimination, with C-statistics of
0.74 and 0.76 for 5- and 10-year mortality, respectively. The indices also dem-
onstrated excellent agreement between observed outcome and predictions, with
calibration slopes of 1.01 for both 5- and 10-year mortality.

CONCLUSIONS

Prognostic indices obtained from administrative data can predict 5- and 10-year
mortality in older adults with diabetes. Such a tool may enable clinicians and
patients to develop individualized treatment goals that balance risks and benefits
of treatment intensification.

Diabetes increases the risk of macrovascular and microvascular complications and
mortality. Lowering hemoglobin A1c (A1C) reduces microvascular disease risks over
time but has unclear effects on cardiovascular disease and mortality, particularly in
older adults (1). There is uncertainty about when it is appropriate to pursue more
intensive glucose control, particularly in patients with comorbidities and/or com-
plications that shorten life expectancy (2,3). Indeed, treatment intensification
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increases near-term risks such as hypo-
glycemia (4,5), whichmay independently
lead to increasedmortality risk (6,7). The
potential benefits of targeting a lower
A1C may take several years to accrue
(8,9) but also may carry burdens with-
out benefit for those with limited life
expectancy.
Several clinical practice guidelines sug-

gest that A1C targets should account for
a patient’s comorbid illnesses, diabetes
complications, and life expectancy and
that clinicians can propose lower A1C
goals for patients with longer life expec-
tancy and higher targets for those with
shorter life expectancy. The Veterans
Health Administration (VA)/Department
of Defense Clinical Practice Guideline
(10) proposes several A1C target ranges
on the basis of comorbidities, complica-
tions, and life expectancy (e.g.,,5 years,
5–10 years, and .10 years). However,
these and other guidelines provide lim-
ited direction on how to classify patients
by life expectancy groups. This issue is
compounded by a scarcity of easily ac-
cessible tools to help clinicians to assess
life expectancy in patients with diabetes
and incorporate this information into
shared decision making and goal setting
with patients.
A systematic review by Yourman et al.

(11) identified six prognostic indices for
mortality in community-dwelling older
adults that included variables for age,
sex, and major comorbidities. Some
indices incorporate additional variables
for clinical measures (e.g., BMI, blood
pressure, A1C), medication use, and
survey measures for self-reported
health and functional status. However,
the utility of this prior work is limited
by follow-up times as short as 1 year
(12), low predictive validity (13), or
requirements for extensive surveys that
are impractical for point-of-care use
(14,15). The objective of the current
study was to develop and validate prog-
nostic indices for 5- and 10-year mor-
tality in older adults with diabetes using
only administrative data that 1) use only
data that are routinely collected in most
electronic health records, 2) leverage
machine learning techniques that pro-
duce outputs that are interpretable to
the lay reader, and 3) provide an adapt-
able and transparent methodology that
can be deployed in a wide variety of
clinical settings.

RESEARCH DESIGN AND METHODS

Sample Selection
The study was reviewed and approved
by the institutional review board of the
VA Boston Healthcare System. Our data
sources included VA and Medicare ad-
ministrative data from 2004 to 2015. We
used a nationwide prevalence sample
of patients with diabetes who were
aged $65 years and enrolled in VA care
on1 January 2006. This datewas selected
to provide 2 years preceding the obser-
vation period to develop risk prediction
models and 10 years of follow-up to
assess mortality. Patients were classified
with diabetes if they met at least one of
the following criteria during 2004–2005:
two ICD-9 diagnosis codes for diabetes
from outpatient visits within a 12-month
period, one ICD-9 diagnosis code for
diabetes during an inpatient stay, or a
prescription for a medication to treat
diabetes (excluding metformin only)
(16). Patients were also required to have
at least one outpatient primary care visit
and at least one record each for three
routine clinical parameters (blood pres-
sure, BMI, A1C) within the previous
24 months. Our objective was to identify
the VA-reliant population to ensure fairly
complete predictors for each patient.
Medicare provides health insurance cov-
erage for older adults (.65 years) in the
U.S., and veterans often use services
provided by both VA and Medicare.
The samplewas further limited to patients
enrolled in traditional fee-for-service
Medicare versus Medicare Advantage
to ensure more complete utilization
and diagnosis data. Medicare Advan-
tage is a private plan alternative to
traditional Medicare; however, only
limited claims data are available for its
enrollees. Consequently, complete pre-
dictors cannot be obtained for Medicare
Advantage enrollees. The final sample
comprised 275,190 unique patients. A
sample selection flowchart is presented
in Supplementary Fig. 1.

Initial Variable Identification
We included a wide variety of predictors
that have been linked to mortality in
patients with diabetes or older adults.
These included demographics (age, sex,
marital status), VA priority groups (which
reflect disability related to military ser-
vice or economic hardship) (17), major
comorbidities (18), smoking (19), pre-
scriptions for different classes of diabetes

medications (20), frailty (14,21), previous
inpatient and outpatient health services
utilization (15), and biomarkers such as
A1C, BMI, systolic and diastolic blood
pressure, HDL and LDL cholesterol, tri-
glycerides, serum creatinine, urine mi-
croalbumin/creatinine ratio, and serum
albumin (20,22–24).

Age was categorized into six groups:
65–69, 70–74, 75–79, 80–84, 85–89, and
901 years.Marital status included single
(never married or divorced), married, or
widowed. The VA classifies veterans into
eight priority groups. Groups 1 and 4 con-
stitute those with serious service-related
disabilities ($50% disability or house-
bound); groups 2, 3, and 6 are those with
low or moderate disabilities; group 5 com-
prises those with economic hardships; and
groups 7 and 8 have no service-related
disabilities and household incomes above
certain thresholds (25). Sex was considered
binary (male/female), while race was cat-
egorized into white, black, or other.

Binary variables for the following di-
abetes medication classes were included:
sulfonylureas, meglitinides, metformin,
thiazolidinediones, a-glucosidase inhib-
itors, and insulin. Models also included a
binary variable indicating blood pressure
treatment (e.g., b-blockers, calcium
channel blockers, antihypertensive com-
binations). Comorbidities included the
31 Quan-Elixhauser comorbidities (26)
as well as end-stage liver disease, major
depression, coronary artery disease,
acute myocardial infarction, percutane-
ous coronary interventions (27), retinop-
athy,hyperglycemia, lower-limbamputation,
and diabetic foot infections (28). We
used Quan-Elixhauser comorbidities ver-
sus other comorbidity indices because of
their stronger association with mortality
(26). We also identified screenings for
retinopathy and ankle-brachial indices
since these may signify additional dia-
betes complications (29). A frailty index
ranging from 0 to 1 was also created using
30 variables identified from ICD-9 or
Common Procedural Terminology (CPT)
codes related to morbidity (e.g., arthri-
tis), functional status (e.g., need for
durable medical equipment), cognition
and mood (e.g., dementia), sensory im-
pairment (e.g., hearing impairment), or
other conditions (e.g., incontinence)
(21). This was binary coded into five
categories of frailty. We had complete
data for demographics, utilization, and
diagnosis codes.
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Our models also included a BMI slope
variable capturing the change in BMI for
patients who had two or more measure-
ments during the baseline period that
were at least 30 days apart. These were
rescaled to BMI change per 30 days and
then split into two positive and two
negative categories. An additional cate-
gory was added indicating that the pa-
tient lacked two BMI measurements.
Other specific biomarkers beyond BMI,
blood pressure, and A1C may be unavail-
able for a given patient during the ba-
seline period. Biomarkers were thus
categorized into groups (e.g., low, nor-
mal, high) following established clinical
criteria, with an additional grouping if
the biomarker was missing. Groups were
aggregated separately for 5- and 10-year
models if the resulting odds ratios and
point scores were equivalent. The com-
plete list of potential predictor variables
and their coding (including the ICD-9 and
CPT codes used to create comorbidities)
are contained in Supplementary Table 1.

We used a 2-year lookback period
(2004–2005) to collect the study pred-
ictors. All comorbidities and screenings
were modeled as binary variables indi-
cating whether the patient had a relevant
ICD-9 or CPT code within the previous
24 months. For demographics and VA
priority status, we used the most recent
information recorded during the look-
back period. When patients hadmultiple
measurements for the same biomarker,
weusedmean values.Outcomes included
whether the patient was alive at the end
of 5 years (31 December 2011) or 10
years (31 December 2015), using data
provided by the National Vital Statistics
System.

Statistical Analyses
The first step was to randomly allocate
our data into training (75%, n5 206,392)
and test sets (25%, n 5 68,798). The
training set was used for model devel-
opment, while the test set was used to
evaluate the models’ predictive validity.
We used logistic least absolute shrinkage
and selection operator (LASSO) regres-
sions, using the training set to select
variables independently associated with
mortality risk. While a full explanation of
LASSO is outside the scope of this article,
the technique has been described in de-
tail elsewhere (30,31).

LASSO is a common machine learn-
ing algorithm and a form of penalized

Table 1—Demographic and clinical characteristics associated with mortality in
patients with diabetes

5-year mortality 10-year mortality

Risk factor Adjusted OR Points Adjusted OR Points

Demographics
Male sex 1.15 1 1.25 1
Marital status, single d d 1.16 1
Age category (years)
70–74 1.12 1 1.40 2
75–79 1.62 3 2.45 7
80–84 2.44 7 4.94 20
85–89 4.06 15 10.87 49
.90 6.61 28 22.29 106

VA priority
Group 4 1.63 3 1.97 5
Group 5 1.17 1 1.21 1

Biomeasuresa

Serum creatinine (mg/dL)
1.5–3.0 1.37 2 1.52 3
.3.0 2.42 7 3.54 13

Systolic blood pressure .180 mmHg 1.49 2 1.42 2
Serum albumin (g/dL) ,3.5 1.49 2 1.57 3
Urine albumin-to-creatinine ratio
20 to ,60 d d 1.23 1
60 to ,90 d d 1.39 2
90 to ,30 d d 1.74 4
30 to ,300 1.22 1 d d
3001 1.52 3 2.53 8
Missing d d 1.18 1

A1C (%)
8–9 1.13 1 1.18 1
.9 1.30 1 1.39 2

BMI (kg/m2)
,18.5 1.90 4 1.64 3
18.5–24.9 1.32 2 1.26 1
40–49.9 d d 1.27 1
$50 1.57 2 1.82 4

Utilizationb

Outpatient visits $30 1.21 1 1.11 1
Inpatient days .5 1.13 1 d d

Medicationsc

Insulin 1.49 2 1.51 3
Sulfonylureas 1.24 1 1.27 1
Blood pressure 1.13 1 1.19 1

Comorbiditiesc

Congestive heart failure 1.73 4 1.88 4
Cardiac arrhythmia 1.16 1 1.19 1
Valvular disease d d 1.10 1
Peripheral vascular disorders 1.26 1 1.38 2
Paralysis 1.16 1 1.32 1
Other neurological disorders 1.41 2 1.66 3
Chronic pulmonary disease 1.36 2 1.46 2
Renal failure 1.14 1 1.19 1
Lymphoma 1.38 2 1.52 3
Metastatic cancer 1.77 4 1.77 4
Solid tumor without metastasis 1.15 1 1.13 1
Coagulopathy d d 1.19 1
Fluid and electrolyte disorders d d 1.12 1
Alcohol abuse d d 1.19 1
Psychoses 1.50 2 1.67 3
Depression d d 1.14 1
Coronary artery disease d d 1.13 1
End-stage liver disease 1.72 4 1.71 4
Lower-limb amputation 1.31 2 1.47 2

Continued on p. 1727
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regression that constrains the sum of the
absolute value of model parameters to
some value l. LASSO can be used to
objectively select a subset of variables
that minimizes prediction error and re-
moves any potential collinearity. LASSO
shrinks the b-coefficients that are least
associated with the outcome toward
0 before the more strongly associated
b-coefficients. If two variables are highly
correlated, the LASSO algorithm shrinks
the least associated one until it drops
out of the model because it does not
contribute to predictive accuracy. Al-
ternative methodologies for variable
screening, such as the use of correlation
coefficients, usually treat every effect as
additive, while automatic techniques,
such as stepwise regression, often lead
to unstable results (32). The LASSO tech-
nique also trades off unbiasedness for
lower variance, which is advantageous in
predictive research applications (30,33).
Lastly, LASSO produces familiar-looking
odds ratios, albeit without P values,
which are untrustworthy for methods
that select or shrink predictor variables
adaptively (31). The resulting odds ratios
may then be used to develop prognostic

indices for mortality risk. We estimated
separate regressions using the training
set with 5- and 10-year mortality as
outcomes, using 10-fold cross-validation
to automatically select the optimal value
of l that maximizes predictive accuracy
in the test set. Cross-validation is
a resampling procedure commonly
used to reduce overfitting and evaluate
the predictive accuracy of machine
learning models on unseen data and to
reduce mean squared error (34,35).

We then developed a point-based risk
scoring system on the basis of the ab-
solute size of the resulting odds ratios
(14,15). Points were assigned by sub-
tracting 1 from the odds ratio, dividing
by 0.2 increments, and rounding (e.g.,
an odds ratio of 1.2 would be assigned
1 point, 1.4 would be 2 points, and 1.65
would be 3 points). Since the choice of
increment is by nature arbitrary, we
also tested increments of 0.1 and 0.3
in sensitivity analyses, which gave qual-
itatively similar results. Lastly, we calcu-
lated mortality rates by point score
and several measures of predictive
validity in both the training and the
test sets.

Measures of Predictive Validity
Since each individual measure has strengths
and drawbacks, we calculated a variety of
measures following Steyerberg et al. (36).
Balanced accuracy is a measure of overall
predictive performance and is calculated as
the average of two proportions: the pro-
portion correctly predicted for those who
experienced themortality outcomeand the
proportion correctly predicted for those
whodid not. A score of 1 indicates a perfect
model,and0.5indicatesthatthemodel isno
better than chance. Balanced accuracy ad-
dresses the well-known phenomenon that
binary classifiers tend to be biased toward
the more frequent class, yielding an overly
optimistic estimate of accuracy (37).

We also calculated additional mea-
sures to assess the models’ discrimina-
tion and calibration. These measures may
range from 0 to 1, with higher values
indicating better model performance.
Discrimination refers to how well a pre-
diction model differentiates between
patients with and without the outcome.
The concordance or C-statistic gives the
probability that a randomly selected
patient who died had a higher predicted
mortality risk than a patient who was
alive at the end of the outcome period.
The discrimination slope is calculated
as the average difference in predicted
probability between the mortality and
no-mortality groups. Calibration refers
to the agreement between predicted
and observed outcomes. The calibration
slope is the regression slope of the linear
predictor for observed and expected
mortality, with values closer to 1 indicat-
ing better model agreement. Calibration
belts were calculated to evaluate the
goodness of fit for model predictions
of binary outcomes (38), plotting the
95% CIs for expected versus observed
mortality risk.

Sensitivity Analyses
We also conducted several sensitivity
analyses to check the robustness of our
models’ results. First, since age is the
primary risk factor for mortality, we
assessed howwell our prognostic indices
predicted mortality after excluding age.
Second, because of the relatively small
proportion of women in the sample, we
also conducted a sensitivity analysis lim-
iting the sample to men. Third, the base
LASSO regression models included only
the main effects of potential predictors.
We also conducted a sensitivity analysis

Table 1—Continued

5-year mortality 10-year mortality

Risk factor Adjusted OR Points Adjusted OR Points

Diabetic foot infection 1.12 1 1.18 1
Weight loss 1.13 1 1.13 1
Smoking 1.19 1 1.32 2

OR, odds ratio. aAverage of measurements taken in previous 2 years. bTotal utilization in previous
2 years. cIndicates a CPT code, ICD-9 code, or prescription (as applicable) during previous 2 years.
For a full list of drug classes, ICD-9 codes, and CPT codes used, see Supplementary Table 1.

Table 2—Measures of model performance

Model for predicting
5-year risk of all-cause

mortality

Model for predicting
10-year risk of all-cause

mortality

Metric Probability Score Probability Score

Overall performance
Balanced accuracya 0.78 0.77 0.70 0.70

Discriminationb

C-statistic 0.75 0.74 0.77 0.76
Discrimination slope 0.37 0.36 0.40 0.39

Calibration
Calibration slopec 1.01 d 1.01 d

The table contains several measures of the models’ predictive validity using test set data that are
based on either regression-predicted probabilities or the risk-based point scoring system. See the
text for anexplanationof thesemeasures. aA scoreof 1 indicates aperfectmodel, and0.5 indicates
that themodel isnobetter thanchance. bThesemeasuresmay range from0to1,withhighervalues
indicating better model performance. cValues closer to unity indicate better model agreement.
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using a “saturated” model, including all
possible two-way interactions between
predictors. Lastly, we tested the robust-
ness of the results to changes in the
point-based risk scoring system by chang-
ing the incremental divisor to 0.1 or 0.3.
Analyses were conducted using R version
3.5.3 statistical software.

RESULTS

Predictors of Mortality
The study sample included 275,190 pa-
tients (Supplementary Table 2). There
were 65,171 deaths during the 5-year
follow-upperiod (24%of the sample) and
157,620deaths during the 10-year follow-
up period (57% of the sample). Of 67
possible predictors of mortality, the
logistic LASSO results for the training set
indicated that 30 were associated with an
increased 5-year mortality risk and that
36 were associated with a 10-year mor-
tality risk (Table 1). For the biomarkers,
we selected whichever group had the
lowest risk of mortality as the baseline.
This decision is by definition arbitrary,
although the choice of reference group
does not affect predictive accuracy. The
strongest predictors of 5-year mortality
were age, serum creatinine, BMI, and
comorbidities for congestive heart fail-
ure, metastatic cancer, and end-stage
liver disease. These variables were also
the strongest predictors in the 10-year
model, although elevated urine albumin-
to-creatinine ratio also had a strong
association.
Mortality was associated with other

demographic characteristics, such as
male sex, single marital status, and

economic hardships. Diabetes treatment
(e.g., insulin, sulfonylurea), blood pres-
sure treatment, several additional bio-
markers (e.g., low serum albumin,
elevated A1C), and greater number of
comorbidities increased mortality risk.
Sixteen comorbidities were associated
with mortality in the 5-year model, and
22 were associated with the 10-year
model. BMI showed a U-shaped relation-
ship with mortality, with BMI 25–40 kg/m2

having the lowest risk. The number of
inpatient days and outpatient visits was
associated with mortality but only for
patients with high health care utilization
(.5 inpatient days or $30 outpatient
visits). Patient frailty was not associated
with mortality after controlling for other
risk factors.

Possible patient risk scores (in points)
ranged from 0 to 87 in the 5-year model
and from 0 to 192 in the 10-year model.
Observed patient risk scores ranged from
0 to 59 in the 5-year model and from 0 to
143 in the 10-year model. Overall, the
models predicted a.50% probability of
5-year mortality for patients with risk
scores .22 and 10-year mortality for
those with risk scores .14.

Model Performance
Table 2 contains several statistics for
model performance, using either the
raw predicted probabilities or the prog-
nostic indices. Balanced accuracy ranged
from 0.78 to 0.77 in the 5-year model and
was consistently 0.77 in the 10-year
model, suggesting that the models are
approximately substantially more accu-
rate at predicting mortality than chance
alone. The predictivemodels also showed

good discrimination, with C-statistics
ranging from 0.74 to 0.77 for 5- and
10-year mortality in the test cohort. Dis-
crimination slopes ranged from 0.36 to
0.40, indicating that average predicted
mortality was 36–40% higher for patients
whoexperienced themortality outcomes,
on average.

Figure 1 contains calibration belt plots
for predicted versus observed mortality
in both 5- and 10-year models. The
calibration slope was 1.01 for both the
5-yearand the10-yearmodels, indicating
that predicted risk tracks very closely
with actual risk. The 5-yearmodel slightly
underpredicted mortality for those at
highest risk.

Sensitivity Analysis Results
Our prognostic indices had satisfactory
to good accuracy when predicting mor-
tality after excluding age from themodels.
Figure 2 shows mortality within age-
groups (65–69, 70–74, 75–79, 801 years)
by risk score; the indices discriminated
well in all age-subgroups, with strata-
specific C-statistics ranging from a low of
0.66 for 5-year mortality in the 801
group to a high of 0.71 for 5-year mor-
tality in the 65–69 group.

Model results for variables other
than sex were unchanged when limiting
our sample to men. The saturated mod-
els, including all possible two-way inte-
ractions between predictors, showed
only minor improvements in predictive
accuracy compared with main-effects
regressions (e.g., increase of ,0.01 in
C-statistics for the 5- and 10-year mod-
els). Changes in the incremental divisor
used for the point-based risk scoring
affected model parsimony; for instance,
the 10-year LASSOmodel using 0.1 incre-
ments assigned 1 point each to seven
comorbidities that were not included in
the basemodel. The 5-year LASSOmodel
using 0.3 increments assigned no points
to several variables that were awarded
points in the base model. The overall
predictive accuracy was generally un-
changedduring these sensitivity analyses
(Supplementary Table 3). Therewas little
benefit to adding additional variables,
and the results suggest that even larger
increments could be used before pre-
dictive accuracy deteriorates.

CONCLUSIONS

The overall goal of diabetes treatment in
older adults is to minimize or eliminate

Figure 1—Calibrationbelts for the goodness-of-fit betweenobservedandpredictedmortality. The
calibration belt shows the 95% CIs for observed mortality at predicted levels of risk. The red 45°
line represents a perfect prediction.
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symptoms and reduce risk for longer-
term complications. In the U.S., average
life expectancy for a 65-year-old male
and female is ;18 and 20 years, re-
spectively (39), but this will vary mark-
edly among individuals and may be
shorter in patients with diabetes. For
those with longer life expectancy, A1C
targets may be set at lower levels to
reduce the risk of microvascular compli-
cations. Higher A1C targets are appro-
priate on the basis of the presence of
major comorbidities, complications, and
limited life expectancy. In each case,
treatment goals can be individualized
on the basis of a patient’s unique circum-
stances and goals of care.
Clinicians are notoriously inaccurate

in predicting life expectancy, with stud-
ies frequently showing both over- and
underestimating (40,41). We generated
models with high predictive validity of
futuremortality in a large sampleof older
veterans with diabetes. The models
showed good discrimination in determin-
ing both 5- and 10-year mortality. Our
predictedmortality probabilities or prog-
nostic indices used only administrative
data and for implementation purposes,
could be calculated and embedded in an
electronic health record to inform clinical
decision making. Data visualizations
(e.g., Fig. 2) could be used to place
patients in specific mortality risk cate-
gories (e.g., expected mortality within
5 years, 5–10 years, 101 years). Such a
toolmay be deployed at the point of care
to assist in shared decision making with
patients when setting diabetes treat-
ment goals.

Our results highlight the importance
of accounting for a wide variety of risk
factors, including demographics, social
determinants of health, health service
utilization, medication history, bio-
markers, and comorbidities, when pre-
dicting mortality. A few specific findings
warrant comment. First, we showed
that a BMI of 18.5–24.9 kg/m2 is asso-
ciated with increased mortality. This
finding comports with other work show-
inganobesityparadox,wherehigherBMI
is associated with lower mortality (42).
However, the biomarker variables used
represent measurements at a discrete
point in time. A lower BMI may indicate
changes in weight toward end of life,
which has been previously associated
with mortality (43). Our initial variable
list included a BMI slope for veterans
who had multiple BMI measurements,
but this was not retained by the LASSO
regressions. Alternatively, comorbidities
tend to be diagnosed earlier among
patients with chronic conditions, which
could bias the observed effects of BMI on
life expectancy (44). Second, the 10-year
mortality risk model slightly outper-
formed the 5-year model on several
measures of predictive validity. This sug-
gests that such data may have greater
utility for predicting higher-risk events,
such as longer-term mortality, and less
utility for more proximal outcomes, such
as short-term mortality. Third, certain
individual comorbiditieswere retained in
the 10-year model but not in the 5-year
model.While it is possible that theeffects
of these comorbidities are cumulative
over time, we can only state that these

variables are important for longer-term
mortality predictions. Lastly, we found
that serious service-related disabilities
and/or economic hardship were associ-
ated with higher mortality, and this is
consistent with other published studies
(45,46). These results do not infer cau-
sation but do illustrate the potential
importance of social determinants of
health as factors that affect mortality
in older adults with diabetes.

These results have several strengths.
Our approach provides several advan-
tages over previously developed prog-
nostic indices for mortality. First, we
used a machine learning approach (lo-
gistic LASSO) to search through a large
number of variables with putative links
to mortality and selected only those that
aid in mortality risk prediction. This ap-
proach is adaptable to a wide variety of
institutional settings with different types
and numbers of variables. The robust
data sources also allowed us to examine
longer-term effects on mortality, a criti-
cally important feature since the benefits
of improved glycemic control may take
several years to accrue. We also devel-
oped models using only data that are
routinely collected in theelectronichealth
record,eliminatingdatarequirements that
are not easily applied in clinical settings or
suitable for operational use. Many guide-
lines andguidance statementsondiabetes
care consistently propose moderating
A1C treatment goals in patients with
limited life expectancy (10,47,48), and
our findings may help to operationalize
such recommendations.

Our study also has several important
limitations. First, the logistic LASSO re-
sults may not be interpreted as causal;
this methodology allows for bias in the
resulting odds ratios if doing so leads to
better predictive accuracy.Our results do
not necessarily imply that treating or
modifying these risk factors attenuates
mortality risk. The VA patient population
is disproportionately white and male
compared with the general U.S. popula-
tion. We focused our analyses only on
patients who were not enrolled in Medi-
care Advantage or lacked routine bio-
markers. Elderly veterans who primarily
rely onMedicare for their care tend to be
sicker, wealthier, and less likely to be
black than veterans who rely on the VA
for their care (49). Compared with tra-
ditional fee-for-serviceMedicare enrollees,
Medicare Advantage enrollees tend

Figure 2—Observed mortality by risk score in varying age-groups. This graph shows mortality
within age-groups (65–69, 70–74, 75–79, 801 years) by risk score calculated using prognostic
indexes but excluding the points contributed by age. A horizontal line is drawn at 50% to note that
such risk scores predict when mortality is more likely than not.
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to be poorer, more racially/ethnically
diverse, andmore likely to reside inurban
areas (50). The specific results here may
not generalize toother settings, although
our methodology is adaptable and could
be applied to other populations. Future
research should validate these results in
nonveteran patient populations.We also
focused our analyses on older adults, and
the resultsmaynot generalize to younger
age-groups.
In summary, we developed prognostic

mortality indices to predict 5- and 10-year
mortality inolderadultswithdiabetes.These
indices have high predictive validity and
demonstrate the importance of several in-
dividual and condition-specific characteris-
tics that may inform clinicians and patients
about lifeexpectancyastheysetA1Ctargets
that balance treatment benefits and risks.
Such models may also provide a basis for
testing lifeexpectancypredictions inother
clinical outcomes and in practice.
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