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Abstract
Objective: Sulfonylureas (SU) were the dominant treatment for type 2 diabetes until the mid-
1990s and remain widely used today. Evidence on the risks of long-term use of SU is lacking.
We measure risks of continued use of SU as diabetes progresses beyond initial stages.
Study Design: Retrospective observational study using instrumental variables models based on
provider prescribing patterns with controls for provider-level process quality.
Methods: US veterans were identified who received a prescription for diabetes medication from
2000 to 2005, initiated a 3™ diabetes medication before 2010, and were dually enrolled in
Medicare. SU treatment was measured at 7 follow-up dates after initiation of 3" diabetes
medication (either thiazolidinedione (TZD) or insulin). Risks of hospitalization for ambulatory
care sensitive conditions (hospitalization) and all-cause mortality were assessed using survival
models beginning after each follow-up date.
Results: Among patients who initiated a TZD, SU treatment was associated with significantly
elevated hospitalization risk starting at 90 days (HR: 2.79; 95% CI: 1.46-5.35), 1 year (HR: 3.12;
Cl: 1.73-5.63), 2 years (HR: 3.09; Cl: 1.56-6.12), 3 years (HR: 2.63; CI: 1.19-5.78), and 4 years
(HR: 2.51; CI: 1.03-6.12). Among patients who initiated insulin, hazard ratios were significantly
elevated only at 6 years (HR: 2.22; CI: 1.08-4.54).
Conclusions: Higher exposure to SU was associated with large increases in risk of
hospitalization among patientsinitiating a TZD as their 3" medication. The amounts of long-
term exposure to metformin, TZD or insulin had no significant effects, suggesting that SU was

the key factor.
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Introduction

Ora medicationsto treat type 2 diabetes are the mainstay of therapy for most patients.
Sulfonylureas (SU) were the only oral agents available for more than 35 years until the
introduction of metformin in 1995. Since then the number of oral agents has expanded
dramatically’. Despite the proliferation of alternatives, SU remains widely used. Nearly all
current treatment guidelines promote initia therapy with metformin or SU, with metformin as
the preferred drug®®, and arecent analysis of data from Medicare and the US Department of
Veterans Affairs (VA) found that metformin and SU continue to be the most commonly
prescribed oral hypoglycemics in both systems”.

Diabetes is also a progressive disease and oral therapy invariably requires a sequence of
medications. Metformin and SU are often combined and other drugs are added as necessary
resulting in multi-drug regimens. Patients and providers can choose to start insulin, add a
thiazolidinedione (TZD), add a dipeptidyl peptidase-4 inhibitor (e.g. sitagliptin) or other agents.
While good evidence exists for long-term efficacy with individual agents, there is a paucity of
data on the comparative risks and effectiveness of multi-drug regimens. In particular, despite
their favorable effects on glucose control, SU increases the risk of hypoglycemiaand concerns
about their potential association with cardiovascular disease have been present since the 1970s°.
The magnitude of these risks relative to the most likely aternatives is not well understood.

This study isthe first to use innovative observational comparative effectiveness
methods®® to address the potential risks of long-term use of SU in patients on multi-drug
regimes, specifically those whose diabetes has progressed to the point where a third medication
isneeded. We conducted a retrospective, observational study using local variations in practice
patterns as an instrumental variable to isolate a quasi-experimental component of treatment

variation that is independent of patient-level health status differences®. Thistechniqueis



attracting interest recently because of its potential to effectively randomize observationa data
and the nationally recognized need for comparative effectiveness research using electronic
medical records and other forms of administrative data®*>*" .
Methods
Data Sources

We used patient-level national data from the VA to conduct our study because the VA
has a national electronic medical record and patients are typically randomly assigned to primary
care physicians™®. We supplemented VA data with Medicare claims to ensure completenessin
our measures of outcomes because VA patients often use non-V A facilities, particularly for
urgent hospitalizations™. Our study was reviewed and approved by the Institutional Review
Board at the VA Boston Healthcare System.
Population

We selected all VA patients who received a prescription for diabetes medication from
2000 to 2005 and then followed these patients until death or through 2010. To improve
comparability of patients we included only those with a history of prescriptions for metformin,
SU, and either TZD or insulin as their 3" medication (28% of patients). We considered the
initiation date for the 3" medication as the start of our study (“index date”) and treated the prior
12 months as a baseline period. To ensure that all hospitalizations were recorded, we further
limited the cohort to include only those enrolled in Medicare aswell as VA during the baseline
period. Thelast index date permitted was at the end of 2009 to allow a minimum of 12 months
after baseline. The resulting cohort consisted of 134,861 patients, including 78,361 who initiated
aTZD ontheir index date and 56,500 who initiated insulin (see Figures 1A and 1B for details).

SU Treatment



The main objective of the study was to examine the effect of SU treatment after patients
start their 3" drug. SU treatment was defined to be the proportion of days (cal culated from “days
supplied” in prescription data) for which each patient had an SU prescription between their index
date and specific follow-up dates (Figure 1B). This*proportion of days’ specification
Alternative models used follow-up dates 90 days, 1 year, 2 years, 3 years, 4 years, 5 years and 6
years after the index date. Thisrange of follow-up dates supports investigation of the effects of
long-term use of SU while guarding against survivor bias that might be undetected if only the
more distant follow-up dates were used®?. For example, if SU treatment increased mortality
risk for patients with heart failure, mortality rates would be associated with SU treatment in
models starting at the early follow-up dates, but by the |ater follow-up dates the number of
surviving SU recipients who had heart failure might be very small, making detection of an effect
much more difficult.

Provider Prescribing Pattern as | nstrumental Variable

Asin other observational studies, the principal threat to a simple comparison of outcomes
between patients prescribed SU and othersis that the selection of treatment by patients and
providers could be influenced by unmeasured differencesin patient risk (selection bias or
confounding by indication). Clinical trials do not suffer from selection bias because patients are
randomized to treatment. Instrumental variables models aso use randomization by identifying a
factor (the instrumental variable or 1V) that influences treatment but is effectively random with
respect to patient risk and other potential confounders®®#. Unlike randomization in clinical
trias, however, the IV does not completely determine treatment status. The statistical model
therefore isolates the component of treatment variation attributable to the IV and then measures

the relationship between this component and outcomes. The success of the approach depends



critically on the effective randomness of the IV (controlling for all the other variables in the
model) aswell as the strength of the IV’ sinfluence on treatment status'*%*%*.

Previous studies have found provider-level prescribing patternsto be effective IVs
912131525 | this study the IV was the proportion of all diabetes prescriptions written for SU by
each provider in the 12 months prior to each follow-up date. Providers and patients were aligned
based on assignments at the index date to minimize confounding that could occur if patients later
switched providers in response to changing health status.

Provider Quality Controls

Provider prescribing patterns may not be an effectively random source of treatment
variation if they are correlated with other provider characteristics that might also affect
outcomes. For example, if providers who frequently prescribe SU are also lesslikely to
aggressively treat high cholesterol, amodel of cardiovascular disease outcomes that failsto
account for this correlation could erroneously attribute the del eterious effects of less aggressive
cholesterol treatment to the SU prescriptions. To address this concern we follow Brookhart and
colleagues® and include several measures of provider-level process quality computed for the
same providers and time periods as the prescribing rate (see Figure 1B). These variables were
percentages of HbA 1 values > 9%°*%’, blood pressure values >140/90 mm Hg?®, and LDL
cholesterol levels > 100 mg/dL?,

Outcomes

Outcomes included mortality and hospital admission (VA or Medicare) for any
ambulatory care sensitive condition (hereafter “hospitalization”; see Appendix Table 1 for
individual conditions and frequencies) as defined by the Agency for Healthcare Research and
Quality®®*. The outcome to be modeled was the amount of time between the follow-up datein

each model and the date of death, the first date of hospitalization, or the end of the study period



in 2010. We chose this subset of hospitalizations as an outcome because they are widely used in
the literature to measure effectiveness of primary care®>*. They are also particularly relevant to
patients with diabetes because they include several admission types related to complications of
diabetes™ ",
Covariates

Additional control variables computed at baseline included age, sex, race, HbA ., serum
creatinine, urine microalbumin, body mass index (see Table 1 and Supplemental Digital Content
for categorizations), and indicator variables for comorbidities®, the components of the Y oung
diabetes severity index®, and calendar years corresponding to index dates.
Statistical Models

We used STATA Version 10 and Cox proportional hazards models with random effects
for VA Medica Centersto estimate the effects of SU use. Theinstrumental variables approach
estimates a pair of simultaneous equations. one for the amount of treatment and the second for
the outcome (see Figure 1B). The treatment equations modeled the proportion of days between
index and follow-up dates covered by a prescription for SU as alinear function of the provider-
level prescribing rate and control variables. The outcome equations related treatment and control
variables to probabilities of hospitalization and death. Because the outcome equations were
nonlinear, we used the two-stage residual inclusion technique for 1V estimation™. These Cox
models assume that SU treatment increases or decreases outcome risk by a constant proportion
over time. We tested this assumption using scaled Schoenfeld residuals from the mortality and
hospitalization equations at 2-years™.

Two-stage models typically require bootstrapping to calculate unbiased standard errors,
but this step is computationally intensive®. Given the large number of models estimated in this

study, we bootstrapped standard errors for selected models and determined that our large samples



and strong instruments resulted in bootstrapped values that were virtualy identical to the
asymptotic values generated automatically by the statistical software.
Subgroup and Sensitivity Analyses

We estimated all of our models separately in two groups defined by whether TZD or
insulin was chosen as the third medication. One aternative hypothesisis that differencesin risk
are not due to SU treatment but to delayed use of insulin that is correlated with prolonged SU
treatment. To test this hypothesis, we estimated alternative modelsin the TZD group that
simultaneously modeled the proportion of days with an insulin prescription along with the SU
treatment variable. Another alternative hypothesisisthat SU does not increase risk itself, but
interacts unfavorably with another medication. We tested this hypothesis by estimating
alternative versions of the models with metformin, rosiglitazone, and pioglitazone substituted for
SU as the treatment variable. If interactions with any of these medications were responsible we
would expect to see increased risk associated with greater long-term exposure to at least one of
them.
Results

Patients in the sample were elderly (mean age = 70), about 85% white, and
overwhelmingly male (see Table 1). To demonstrate the quasi-random nature of the instrumental
variable, we divided the sampleinto those linked to providers with above- or below-median SU
prescribing. The two columns of Table 1 compare means of the proportion of SU days, selected
risk adjustment variables, provider quality variables, and outcomes for these two groups at the 1-
year follow-up date (see Supplemental Digital Content for complete results). Treatment differed
substantialy by design, with the above-median group receiving SU prescriptions on 73% of days
compared to 65% for the below-median group. The risk adjustment variables and one provider

quality variable (percentage of HbA . > 9%) were closely balanced. The other two provider



quality variables indicate that the above-median group had 43% of BP and LDL values elevated
compared to 38% (BP) and 35% (LDL) for the below-median group (at 1 year). Outcomeswere
also substantially worse for the above-median group with 36% mortality compared to 21% in the
bel ow-median group and 29% hospitalization compared to 15% (across all years).

We selected the model beginning at the 2-year follow-up date for detailed presentation
becauseit is roughly in the middle of the range of follow-up dates and because detailed results
from the other models were qualitatively the same. Selected results from the first stage of the
model are shown in Table 2, which indicates that provider prescribing history was strongly
predictive of SU treatment, with a coefficient of 0.260 (95% CI: 0.228-0.293). This coefficient
means that a 10 percentage point increase in past SU prescribing by the provider was associated
with a 2.6 percentage point increase in patient days with an SU prescription measured at 2 years.
The F-statistic of 245 on provider prescribing history easily exceeds the standard threshold for
instrumental variable strength (F > 10)%. The model also shows that most comorbidities and
complications were associated with lower SU prescribing, indicating that patients receiving
longer courses of SU were typically heathier at baseline.

Selected results from the second stage of the model are shown in Table 3, which presents
estimates from the Cox model of hospitalization beginning at 2 years for the TZD group. The
estimated hazard ratio for SU treatment is 3.09 (95% CI: 1.56-6.12), indicating that a patient who
shifted from zero SU prescriptions to full SU treatment between the index date and 2 years
would have faced roughly triple the risk of hospitalization. The percentage of the provider’s
LDL levelsthat were elevated also had a significant effect on hospitalization risk (HR: 1.36; CI:
1.15-1.61), demonstrating the importance of controlling for correlated provider quality. Other
results from the model make clinical sense in that hospitalization risk was higher for patients

with elevated baseline HbA ., obesity, microalbumin, serum creatinine, and for those with most



comorbidities and complications. This model was used to test the assumption of proportional
hazards for the treatment variable™ and the test supported the assumption (P = 0.12).

To determine effects on absolute risks, we calculated predicted probabilities of
hospitalization in the 365 days following the 2-year follow-up date for two idealized patients.
These patients had average baseline characteristics and had either no prescriptions for SU or had
full exposure to SU prescriptions between TZD initiation and 2 years later. The predicted
probability of hospitalization for each patient was 2.4% and 7.4%, respectively.

Results from second-stage Cox models predicting hospitalization and mortality starting
on each follow-up date for the TZD subsample are summarized in the first two rows of Table 4.
Hazard ratios for hospitalization indicate large and statistically significant increases in risk with
SU treatment at 90 days (HR: 2.79; 95% CI: 1.46-5.35), 1 year (HR: 3.12; CI: 1.73-5.63), 2 years
(HR: 3.09; CI: 1.56-6.12), 3 years (HR: 2.63; Cl: 1.19-5.78), and 4 years (HR: 2.51; CI: 1.03-
6.12). Estimatesfor the later dates were less precise due to smaller sample sizes (5-year HR:
2.83; Cl: 0.96-8.35 and 6-year HR: 3.14; CI: 0.86-11.4). Thefact that large and stable effects
were estimated from models starting across the entire range of follow-up dates suggests that
survivor bias was not an important factor. Point estimates of hazard ratios for mortality arising
from long-term SU use were also elevated for patientsinitiating a TZD, but were not statistically
significant at standard thresholds (second row in Table 4).

Patients initiating insulin therapy as their third medication faced lower risks associated
with SU use. Hazard ratios for hospitalization were elevated only in years 4-6, with statistical
significance only at the 6-year date (third and fourth rows of Table 4). Again, the assumption of
proportiona hazards for the treatment variable in the 2-year hospitalization model was supported

(P=0.42).
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In sensitivity analyses we added a second treatment variable for days with a prescription
for insulin to the hospitalization models for the TZD group to test whether observed effects were
due to postponing needed insulin prescriptions. The results (fifth row of Table 4) show dlightly
larger estimated hazard ratios, confirming that the measured effects of SU were not due to
unmeasured insulin use (or non-use). To test whether the estimated hospitalization effects were
truly attributable to SU, we repeated the hospitalization models for the TZD group, substituting
metformin, rosiglitazone, or pioglitazone for SU treatment. The results (bottom of Table 4)
indicate that none of these medications were associated with significantly elevated risks of
hospitalization, strengthening the inference that SU treatment was responsible.

Discussion

Long-term SU use significantly increases the risk of hospitalization for patients initiating
aTZD asathird medication to treat type 2 diabetes. Estimated hazard ratios of approximately
3.0 were obtained from survival models starting at dates ranging from 90 days to 6 years after
TZD initiation, indicating that the risk of hospitalization roughly tripled if patients maintained
their SU prescriptions after startingaTZD. Point estimates of the effect of SU prescriptions on
mortality were aso elevated, although not statistically significant. We found these effects by
using alarge, national VA database and an instrumental variables statistical model featuring
extensive patient characteristics, provider-level quality of care controls, and exploiting
prescribing patterns as a source of quasi-randomization.

These results complement a recently published study finding that use of SU instead of
metformin as first-line treatment is associated with increased risk of cardiovascular events and
death®. Our study goes further by addressing the more uncertain question of SU use after initial
therapy is established, and our quasi-experimental study design supports more robust causal

inferences*. Based on these results, clinicians should be aware that patients who continue SU
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therapy after initiating a TZD as their 3" medication may experience an elevated risk of
hospitalization that increases with exposure to SU. Providers weighing treatment alternatives for
patients at this stage should balance the potential benefits of continued SU prescriptions against
thisrisk.

The lack of 1V methods may have prevented detection of this effect in previous research.
Patients whose providers were likely to prescribe SU were typically healthier at baseline (Table
2), so acomparison of outcome rates without quasi-experimental techniques would be biased.
Provider quality is another potentialy confounding factor. Providers who prescribed more SU
had higher percentages of elevated BP and elevated LDL among their patients (Table 1). Since
elevated LDL was also associated with increased hospitalization risk (Table 3), failure to adjust
for provider control of LDL aso would have led to biased estimates.

Sensitivity analyses showed that the increased risk of hospitalization for these patients
cannot be attributed to late initiation of insulin therapy. In addition, hospitalization risk was not
associated with increased use of TZD or metformin. Thismakesit less likely that interaction
with either of these medications was responsible for the SU effect, athough the possibility that
an adverse effect occurred without a dose response from the interacting medication cannot be
ruled out. The remaining explanation isthat SU itself was the causal factor.

Hypoglycemiais one mechanism through which SU use could lead to hospitalizations.
Although we cannot explicitly link SU use to hypoglycemiain the data due to unrecorded events
and inconsistent coding, we found that providers with high SU prescribing rates had 16% of
patients over age 70 with at least one recorded HbA 1 < 6%, whereas other providers had only
12% (Table 1). This combination of age and low HbA ;. has been linked to hypoglycemia
risk?”*. Furthermore, long-term SU use by patients initiating insulin as a third medication had

proportionally smaller effects. If the hospitalization risk of SU use for TZD patientsis due to
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hypoglycemia, the substantial hypoglycemiarisk of insulin therapy may make these effects more
difficult to detect in the insulin sub-popul ation.

Increased risk of cardiovascular events is another possible mechanism. We could not
estimate separate models for each type of hospitalization because some occur too infrequently, so
we used asimplified test on the 6 most common types (Appendix Table 1). Of these, admissions
for CHF were significantly associated (P = 0.01) with SU treatment and admissions for COPD
were weakly associated (P = 0.06). Both of these results would be consistent with elevated risk
of cardiovascular events®™®. Hypoglycemiamay increase the risk of cardiovascular events”, so
one mechanism does not preclude the other.

Although this study included several controls for provider quality as well as facility
effects, quality has many dimensions and we could not explicitly control for them all.
Consequently, it is possible that some uncontrolled provider quality variable was responsible for
theresults. On the other hand, to account for the measured effect of SU, an omitted quality
factor would have to be highly correlated with SU prescribing and uncorrelated with LDL
control, BP control, HbA 1 control, or facility effects. Thisseemsunlikely. A further limitation
of this study isthat we did not directly address use of SU as a second-line treatment.
Nevertheless, our results may be generalizable because the risks of hypoglycemia and
cardiovascular events probably apply to SU whether two or three medications are used. Future
research should assess whether the risk of SU usage applies when there are fewer other
medications involved, whether different SU agents pose different risks, and whether the same
risk relationships apply to populations not well represented in our sample of veterans,
particularly women and patients with higher incomes.

As the number of medications approved to treat diabetes has grown in recent years,

offering valuable treatment aternatives, the need for evidence on comparative risks and
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effectiveness has become more pressing. With this study we contribute to this evidence by
measuring alarge and previously undetected risk associated with long-term use of awidely
prescribed class of medications. We aso demonstrate the power of an innovative large database
analysis technique that is applicable to many other important comparative effectiveness
guestions and has the potential to provide specific information to support shared decision

making.

14



References

1. Alexander GC, Sehgal NL, Moloney RM, et a. National Trendsin Treatment of Type 2
Diabetes Méllitus, 1994-2007. Arch Intern Med 2008;168(19): 2088-2094.

2. Qaseem A, Humphrey LL, Sweet DE, et a P. Oral Pharmacologic Treatment of Type 2
Diabetes Méllitus: A Clinical Practice Guideline From the American College of
Physicians. Ann Intern Med 2012;156: 218-231.

3. U.S. Department of Veterans Affairs and U.S. Department of Defense. VA/DoD Clinical
Practice Guideline for the Management of Diabetes Mellitus. 2010.

4. Gellad WF, Donohue JM, Zhao X, et al. Brand-Name Prescription Drug Use Among
Veterans Affairs and Medicare Part D Patients With Diabetes. A National Cohort
Comparison. Ann Intern Med published online 11 June 2013.

5. Groop LC. Sulfonylureasin NIDDM. Diabetes Care 1992;15(6): 737-754.

6. Pizer SD. Anintuitive review of methods for observational studies of comparative
effectiveness. Health Serv Outcomes Res Method 2009;9: 54-68.

7. Bennett WL, Balfe LM, Faysal IM. AHRQ's Comparative Effectiveness Research on
Ora Medications for Type 2 Diabetes: A Summary of the Key Findings. JManag Care
Pharm 2012; 18(1 Suppl A): 1-22.

8. Brookhart MA, Rassen JA, Wang PS. Evaluating the Validity of an Instrumental Variable
Study of Neuroleptics. Can Between-Physician Differences in Prescribing Patterns Be
Used to Estimate Treatment Effects? Med Care 2007;45: S116-S122.

9. Wang PS, Schneeweiss S, Avorn J, et a. Risk of death in elderly users of conventional
vs. atypical antipsychotic medications. N Engl J Med 2005;353(22): 2335-41.

10. Stukel TA, Fisher ES, Wennberg DE, et al. Analysis of observational studiesin the

presence of treatment selection bias: effects of invasive cardiac management on AMI

15



11.

12.

13.

14.

15.

16.

17.

survival using propensity score and instrumental variable methods. JAMA 2007;297(3):
278-285.

Brooks JM, Chrischilles EA, Scott SD, et a. Was Breast Conserving Surgery
Underutilized for Early Stage Breast Cancer? Instrumental Variables Evidence for Stage
Il Patients from lowa. Health Services Research 2003;38:6 (Part I): 1385-1402.
Brookhart MA, Wang P, Solomon DH, et al. Evaluating short-term drug effects using a
physician-specific prescribing preference as an instrumental variable. Epidemiology
2006;17(3): 268-275.

Lu-Yao GL, Albertsen PC, Moore DF, et a. Surviva Following Primary Androgen
Deprivation Therapy among Men with Localized Prostate Cancer. JAMA 2008;300(2):
173-181.

Rassen JA, Brookhart MA,. Glynn RJ, et a. Instrumental variables I: instrumental
variables exploit natural variation in nonexperimental data to estimate causal
relationships. J Clin Epidemiol 2009 ; 62(12): 1226-1232.

Kaplan C, Zhang Y. Assessing the Comparative-Effectiveness of Antidepressants
Commonly Prescribed for Depression in the US Medicare Population. J Ment Health
Policy Econ 2012;15: 171-178.

Hadley J, Y abroff KR, Barrett MJ, et al. Comparative Effectiveness of Prostate Cancer
Treatments: Evaluating Statistical Adjustments for Confounding in Observational Data. J
Natl Cancer Inst 2010;102(23): 1780-1793.

Basu A. Estimating person-centered treatment (pet) effects using instrumental Variables.
National Bureau of Economic Research. Working Paper 18056, Published May 2012.

Available at: http://www.nber.org/papers/w18056. Accessed February 13, 2013.

16



18. Doyle JJ, Ewer SM, Wagner TH. Returns to physician human capital: Evidence from
patients randomized to physician teams. J Health Econ 2010;29(6): 866-882.

19. Hynes DM, Koelling K, Stroupe K, et a. Veterans access to and use of Medicare and
Veterans Affairs health care. Med Care 2007;45(3): 214-223.

20. Glesby MJ, DR Hoover. Survivor Treatment Selection Bias in Observationa Studies:
Examples from the AIDS Literature. Ann Intern Med 1996;124: 999-1005.

21. Suissa S. Immortal Time Bias in Pharmacoepidemiology. Am J Epidemiol 2008;167:
492-499.

22. McClédlan M, McNeil BJ, Newhouse JP. Does More Intensive Treatment of Acute
Myocardia Infarction in Elderly Reduce Mortality? JAMA 1994;272(11): 859-866.

23. Angrist JD, Imbens GW, Rubin DB. Identification of Causal Effects Using Instrumental
Variables. J Am Stat Assoc 1996;434(91): 444-454.

24. Staiger D, Stock J. Instrumental variables regression with weak instruments.
Econometrica 1997;65: 557-586.

25. Rassen JA, Brookhart MA, Glynn RJ, et al. Instrumental variables |1: instrumental
variable application—in 25 variations, the physician prescribing preference generally was
strong and reduced covariate imbalance. J Clin Epidemiol 2009; 62(12): 1233-1241.

26. Turner RC, Holman RR, Cull CA, et d. Intensive blood-glucose control with
sulphonylureas or insulin compared with conventional treatment and risk of
complications in patients with type 2 diabetes (UKPDS 33). Lancet 1998;352(9131): 837-
853.

27. Action to Control Cardiovascular Risk in Diabetes Study Group. Effects of Intensive

Glucose Lowering in Type 2 Diabetes. N Engl J Med 2008;358:2545-59.

17



28. The State of Health Care Quality 2011. Continuous Improvement and the Expansion of
Quality Measurement. Washington DC: National Committee for Quality Assurance;
2011

29. Agency for Health Care Research and Quality. AHRQ Quality Indicators-Guide to
Prevention Quality Indicators. Hospital Admission for Ambulatory Care Sensitive
Conditions. Rockville: AHRQ; 2001.

30. Agency for Health Care Research and Quality. Prevention Quality Indicators Technical
Specifications—Version 4.5, May 2013. Available at:
http://www.qualityindicators.ahrg.gov/Modules/PQI _TechSpec.aspx. Accessed May 31,
2013.

31. Bindman AB, Grumbach K, Osmond D, et al. Preventable Hospitalizations and Access to
Health Care. JAMA 1995;274: 305-311.

32. Basu J, Friedman B, Burstin H. Primary Care, HMO Enrollment, and Hospitalization for
Ambulatory Care Sensitive Conditions. A New Approach. Med Care 2002;40 (12):
1260-1269.

33. Prentice J, Pizer SD. Waiting Times and Ambulatory Care Sensitive Hospitalization.
Health Services and Outcomes Research Methodol ogy. 2008;8(1): 1-18.

34. Pizer SD, Gardner JA. Is Fragmented Financing Bad for Y our Health? Inquiry 2011,48:
109-122.

35. Helmer DA, Tseng C-L, Brimacombe M, et a. Applying Diabetes-Related Prevention
Quality Indicatorsto a National Cohort of Veterans with Diabetes. Diabetes Care
2003;26(11): 3017-3023.

36. Kim H, Ross JS, Melkus GD, et a. Scheduled and Unscheduled Hospital Readmissions

Among Patients With Diabetes. Am J Manag Care 2010;16(10): 760-767.

18



37.

38.

39.

40.

41.

42.

43.

45.

46.

Prentice JC, Fincke BG, Miller DR, et a. Waiting for Primary Care and Health Outcomes
among Older Patients with Diabetes. Health Services Research (Published online August
22, 2011).

Elixhauser A, Steiner C, Harris DR, et al. Comorbidity Measures for Use with
Administrative Data. Med Care 1998;36(1): 8-27.

Young BA, Lin E, Korff MV, et al. Diabetes Complications Severity Index and Risk of
Mortality, Hospitalization, and Healthcare Utilization. Am J Manage Care 2008;14(1):
15-24.

TerzaJV, Basu A, Rathouz PJ. Two-stage residual inclusion estimation: addressing
endogeneity in health econometric modeling. J Health Econ 2008;27: 531-543.
Grambsch PM, Therneau TM. Proportiona hazards tests and diagnostics based on
weighted residuals. Biometrika 1994;81:515-526.

Efron B. Bootstrap methods: another ook at the jackknife. The Annals of Statistics
1970;7(1): 1-26.

Roumie CL, Hung AM, Greevy RA, et al. Comparative Effectiveness of Sulfonylurea
and Metformin Monotherapy on Cardiovascular Eventsin Type 2 Diabetes Mellitus. Ann

Intern Med 2012;157: 601-610.

. Nissen SE. Cardiovascular Effects of Diabetes Drugs. Emerging From the Dark Ages

[Editoria]. Ann Intern Med 2012;157: 671-672.

Miller ME, Gerstein HC, Seaquist ER, et a. The effects of baseline characteristics,
glycaemiatreatment approach, and glycated haemoglobin concentration on the risk of
severe hypoglycaemia: post hoc epidemiologica analysis of the ACCORD study. BMJ
2009;339: h5444.

Sin DD. IsCOPD Readlly a Cardiovascular Disease? Chest 2009;136(2): 329-330.

19



47. Desouza CV, Bolli GV, Fonseca V. Hypoglycemia, Diabetes, and Cardiovascular Events.

Diabetes Care 2010;6(33); 1389-1394.

20



Appendix

Table Al. Specific ACSC Hospitalizations after 1-year follow-up

N %
Diabetes short term complications 496 0.42
Perforated appendix 139 0.12
Diabetes long term complications 5115 4.38
COPD 2,852 244
Hypertension 553 0.47
CHF 8,852 7.57
Dehydration 2,292 1.96
Bacterial pneumonia 5,627 4.81
UTI 2,287 1.96
Angina 821 0.70
Uncontrolled diabetes 697 0.60
Lower extremity amputation 4 0.00
None 87,166 74.6
Total 116,901 100

SU: Sulfonylurea; TZD: Thiazolidinedione; ACSC: Ambulatory care sensitive condition.
No hospitalizations were observed for asthma.
Patients with multiple admissions on the same day were dropped.

To explore which hospitalization types are most likely to be affected by SU, we estimated
separate linear probability models for the six most common types occurring after the 1 year
follow-up date: long-term complications of diabetes, COPD, CHF, dehydration, bacterial
pneumonia, and UTI. Other types were too infrequent to be tested separately. These models
included all covariates, fixed effects for VA Medical Centers, and an indicator variable for
patients whose providers had above-median SU prescribing history. In these models, the
coefficients on the high-SU indicator variables are estimates of the change in hospitalization
probability associated with high SU prescribing. The results for the TZD subsample were:
diabetes long-term complications 0.001 P = 0.59; COPD 0.003 P = 0.06; CHF 0.006 P = 0.01;
dehydration -0.002 P = 0.11; bacterial pneumonia 0.001 P = 0.54; and UTI 0.002 P = 0.09.

These results imply that patients in the TZD subsample who had providers with above-
median SU prescribing histories had risk of admission for CHF elevated by 0.6 percentage

points, controlling for differencesin baseline patient risk, provider quality and facility effects.
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