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Abstract

Sentinel is a program sponsored by the US Food and Drug Administration to monitor the safety of 

medical products. We conducted a cohort assessment to evaluate the ability of the Sentinel 

Propensity Score Matching Tool to reproduce in an expedited fashion the known association 

between glyburide (versus glipizide) and serious hypoglycemia. Thirteen data partners that 

contribute to the Sentinel Distributed Database participated in this analysis. A pre-tested and 

customizable analytic program was run at each individual site. De-identified summary results from 

each Data Partner were returned and aggregated at the Sentinel Operations Center. We identified a 

total of 198,550 and 379,507 new users of glyburide and glipizide, respectively. The incidence of 

emergency department visits and hospital admissions for serious hypoglycemia was 19 per 1,000 

person-years (95% confidence interval, 17.9, 19.7) for glyburide users and 22 (21.6, 22.7) for 

glipizide users. In cohorts matched by propensity score based on predefined variables, the hazard 

ratio (HR) for glyburide was 1.36 (1.24, 1.49) vs. glipizide. In cohorts matched on a high-

dimensional propensity score based on empirically selected variables, for which the program ran 

to completion in five data partners, the HR was 1.49 (1.31, 1.70). In cohorts matched on 

propensity scores based on both pre-defined and empirically selected variables via the high-

dimensional propensity score algorithm (the same five data partners), the HR was 1.51 (1.32, 
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1.71). These findings are consistent with the literature, and demonstrate the ability of the Sentinel 

Propensity Score Matching Tool to reproduce this known association in an expedited fashion. 3
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INTRODUCTION

The Food and Drug Administration (FDA) Amendments Act of 2007 required the FDA to 

create the capability to perform active surveillance of the safety of approved medical 

products using routinely collected health information from at least 100 million people.1 In 

response to this mandate, the FDA created the Mini-Sentinel pilot program. The pilot 

program has since evolved into a medical product safety surveillance system envisioned in 

the FDA Amendments Act. The system functions as a collaboration between the FDA and a 

consortium that includes an operations center, data partners, and academic institutions.2 

Sentinel utilizes a distributed data system in which 18 Data Partner sites maintain and 

regularly update patients’ administrative claims and clinical information formatted in a 

common data model.3 A customizable set of pre-tested modular programs compatible with 

the common data model, known as the Sentinel Active Risk Identification and Analysis 

(ARIA) system, enables the FDA to perform analyses evaluating associations between 

medical products and pre-specified health outcomes of interest. These programs are run on 

the distributed database, and de-identified results are returned to the Sentinel Operations 

Center for aggregation, thus preserving the privacy of individual health plan members.4

The Sentinel Propensity Score Matching Tool is one of these customizable Sentinel modular 

programs, and enables the conduct of cohort analyses that are matched on propensity scores 

generated using either user-defined variables and/or variables identified by the automated, 

high-dimensional propensity score algorithm.5,6 While propensity score methods have been 

used in prior safety assessments conducted within Sentinel, past evaluations have required a 

detailed protocol, de novo analytic programs, and investigator-specified variables for the 

propensity score rather than an automated high-dimensional propensity score algorithm for 

identifying variables.

In contrast, the Sentinel Propensity Score Matching Tool allows investigators to: use a pre-

existing template to define standard design options rather than writing a de novo protocol; 

utilize customizable, pre-existing analytic programs; enable investigator-specified covariates 

and/or a high-dimensional propensity score approach. Thus, the Sentinel Propensity Score 

Matching Tool has the potential to accelerate the process required to conduct comparative 

drug safety assessments within Sentinel, while also reducing the required resources. We 

sought to pilot test the ability of the Sentinel Propensity Score matching Tool to reproduce 

the well-documented association between glyburide and serious hypoglycemia, using 

glipizide as the comparator agent. Prior epidemiologic studies have found a 1.67 to 1.90-fold 

increased risk of serious hypoglycemia associated with glyburide versus glipizide,7,8 and a 

systematic review of randomized trials found a higher risk for glyburide than for other 
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insulin secretagogues, including glipizide.9 We therefore pilot tested the Sentinel Propensity 

Score Matching Tool by assessing its ability to reproduce this known association and to 

assess and identify issues related to the implementation of the tool.

METHODS

Data

As of July 2014, the Sentinel Distributed Database comprised data from 18 Data Partner 

sites covering approximately 178 million individuals cumulatively from January 2000 

through January 2014.10 The Sentinel Distributed Database includes demographics, 

enrollment, diagnosis, procedure, outpatient dispensing, and laboratory data. Thirteen data 

partners participated in this assessment: Aetna, Blue Bell, PA; HealthCore, Inc., Alexandria, 

VA; Group Health Research Institute, Seattle, WA; Harvard Pilgrim Health Care Institute, 

Boston, MA; HealthPartners Institute, Saint Paul, Minnesota; Meyers Primary Care Institute, 

Worcester, MA; Marshfield Clinic Research Foundation, Marshfield, WI; Humana, Inc., 

Miramar, FL; Kaiser Permanente Colorado, Denver, CO; Kaiser Permanente Hawaii, 

Honolulu, HI; Kaiser Permanente Northern California, Oakland, CA; Kaiser Permanente 

Northwest, Portland, OR; and Optum, Inc., Waltham, MA. Four of the 13 data partners are 

national insurers and the remaining nine are regional insurers.10 All of the data partners 

listed contribute claims data to the Sentinel Distributed Database and several also contribute 

information from electronic medical records. Sentinel has been deemed a public health 

activity under the auspices of the FDA and thus not under the purview of institutional review 

boards.11, 12

Study population

We performed a cohort study of individuals aged 18 years or older who initiated glyburide or 

glipizide between January 1, 2008 and September 30, 2014. The index date was the date of 

the first dispensing of glipizide or glyburide during the study period. Individuals were 

excluded if there was evidence of a hypoglycemia event in the 30 days before cohort entry or 

if any of the following insulin secretagogues were dispensed in the 183 days before cohort 

entry (i.e., the baseline period): glyburide, glipizide, chlorpropamide, tolbutamide, 

tolazamide, glimepiride, nateglinide, repaglinide, or acetohexamide. To be eligible, 

individuals had to be continuously enrolled in a plan with both medical and drug coverage 

during the baseline period, during which gaps in enrollment up to 45 days were allowed. 

Exposure episodes were defined using outpatient pharmacy dispensing days supplied to 

create a sequence of continuous exposure. Exposure episodes were considered continuous if 

gaps in days supplied were 14 days or less. A stockpiling algorithm was used to account for 

dispensings for the same generic name with overlapping days of supply.13 Any overlap of 

supply between dispensings was corrected by pushing the start date of the second dispensing 

to occur following the end of the days supplied for the first dispensing.4 Only the first 

episode for each person was included in the analysis.

Follow-up began on the day the first dispensing of interest and continued until the first 

occurrence of any the following: 1) serious hypoglycemia, as defined below; 2) death 

(Inpatient discharge disposition, including expired at discharge, is captured at all data 
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partners. Data partners have a variety of other methods for capturing death data, such as 

Social Security Administration data, state death records, or internal data sources. Sentinel 

uses all death information available and provided by data partners in Sentinel activities.); 3) 

14 days after the end of exposure episode; 4) filling a prescription for a secretagogue other 

than that identified upon cohort entry; 5) disenrollment from the health plan or; 6) reaching 

the end of available data for that health plan.

Covariates

We assessed the following pre-defined covariates during the baseline period. The 12 basic 

covariates for the program that were automatically included were as follows: age, sex, time 

period, year of exposure, combined Charlson/Elixhauser comorbidity score,14 as well as 

seven measures of healthcare utilization intensity: number of unique generic drugs 

dispensed, dispensed prescriptions, inpatient hospital encounters, non-acute institutional 

encounters, emergency department encounters, ambulatory encounters and other ambulatory 

encounters such as telemedicine and email consults.15 In addition, based on prior studies, we 

specified five covariates: history of serious hypoglycemia,16 chronic kidney disease17 (see 

eTable 1;http://links.lww.com/EDE/B229 for algorithms used to identify these covariates), 

use of insulin, metformin, or non-secretagogue antidiabetic drugs. These variables were 

included in the propensity score models described below.

Outcome

The primary outcome was serious hypoglycemia defined as an any-position emergency 

department or first-listed inpatient diagnosis for serious hypoglycemia as defined by 

International Classification of Diseases, 9th revision, Clinical Modification (ICD-9-CM) 

codes 251.0 hypoglycemic coma, 251.1 other specified hypoglycemia, 251.2 hypoglycemia 

unspecified, or 250.8× diabetes with other specified manifestations. Outcomes identified by 

250.8× were not included if they occurred with one of the following diagnoses: 259.8 other 

specified endocrine disorders, 272.7 lipidoses, 681.xx cellulitis and abscess of finger and 

toe, 682.xx other cellulitis and abscess, 686.9 unspecified local infection of skin and 

subcutaneous tissue, 707.1× ulcer of lower limbs, except decubitus ulcer, 707.2× pressure 

ulcer stages, 707.8 chronic ulcer of other specified sites, 707.9 chronic ulcer of unspecified 

site, 709.3 degenerative skin disorders, 730.0× acute osteomyelitis, 730.1× chronic 

osteomyelitis, 730.2× unspecified osteomyelitis, 731.8 other bone involvement in diseases 

classified elsewhere. The emergency department and inpatient components of this algorithm 

have positive predictive values of 89%16 and 78%,18 respectively. The secondary outcome 

was defined by the emergency department component only. The discharge diagnoses were 

utilized in the definitions described above.

Statistical analysis

The Sentinel Cohort Identification and Descriptive Analysis Tool is the foundation of the 

Sentinel modular program routine querying system, and is integrated with other modular 

programs including the Sentinel Propensity Score Matching Tool. The Sentinel Cohort 

Identific. aon and Descriptive Analysis Tool was used to identify and extract the cohort of 

new users of glyburide and glipizide from the Sentinel Distributed Database according to the 

inclusion and exclusion criteria described above.4 The tool utilized the exposure and follow-
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up time cohort identification strategy to identify new users of glyburide and glipizide, 

determine exposed time using drug dispensing days of supply, and look for serious 

hypoglycemia events during the exposed time period. The Sentinel Cohort Identification and 

Descriptive Analysis Tool also extracted covariates of interest during the specified time 

window for the propensity score model and output analytic datasets for the Sentinel 

Propensity Score Matching Tool. We then used the Sentinel Propensity Score Matching Tool 

to conduct three analyses. The first analysis utilized a propensity score model that included 

only investigator-specified variables, the second utilized a propensity score model that 

included variables empirically identified by an automated high-dimensional propensity score 

algorithm19,20 and the third utilized a propensity score model that included both 

investigator-specified variables and those empirically identified by the high-dimensional 

propensity score algorithm.19,20 For the high-dimensional propensity score, up to 100 

baseline covariates from each of five dimensions (drug claims, ICD-9-CM diagnoses, ICD-9 

procedures, Healthcare Common Procedure Coding System [HCPCS] procedures, and 

Current Procedural Terminology [CPT] procedures) were initially evaluated. From this pool 

of candidate variables, the high-dimensional propensity score algorithm automatically 

selected up to 200 covariates or the count of new users in the smaller exposure group if the 

count was less than 200. Covariates were ranked based on covariate-exposure associations.20 

Zero-cell correction was added to each cell in the covariate outcome 2×2 table when there 

were cells with 0 patients, thus the covariate and outcome associations were consistently 

computable at sites with few events.

The Sentinel Propensity Score Matching Tool calculates the propensity scores, identifies 

matched cohorts based on propensity scores, and performs an analysis of the matched 

cohorts using proportional hazards regression21 yielding hazard ratios (HRs) and 95% 

confidence intervals (CIs) for the association between serious hypoglycemia and glyburide 

(vs. glipizide). Propensity score estimation and matching were performed separately within 

each Data Partner site. Sites returned de-identified data files containing propensity scores, 

treatment group (i.e., glyburide or glipizide), a binary outcome indicator (i.e., serious 

hypoglycemia), and the number of days of follow-up between index date and outcome or 

censoring date. The Sentinel Operations Center aggregated data and used a Cox proportional 

hazards model to estimate a site-adjusted HR and 95% CIs in the unmatched population and 

a separate model to estimate an adjusted HR and 95% CI in the 1:1 propensity score 

matched cohort. All Cox models were stratified by site. The conditional models fit to the 

propensity score matched cohorts were further stratified on matched pair in which follow-up 

time was truncated for patients in the matched pair when either person of the pair was 

censored or had an event, resulting in equal person time for the two groups.

Glyburide and glipizide users were matched in a 1:1 ratio using a nearest-neighbor matching 

algorithm with a maximum matching caliper of 0.02522 on the propensity score scale. We 

examined the distribution of propensity score values between glyburide and glipizide cohorts 

pooled across data partners, and compared baseline characteristics between pooled cohorts 

before and after propensity score matching using standardized mean differences. A 

standardized mean difference ≥0.10 or ≤−0.10 was used to indicate potential imbalance.23
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RESULTS

All 13 data partners ran pre-specified propensity score and high-dimensional propensity 

score models to completion. Five data partners ran high-dimensional propensity score 

models without any convergence warnings or high-dimensional propensity score code 

issues, two had high-dimensional propensity score code issues that caused errors in selecting 

covariates into the high-dimensional propensity score model, and six had “questionable 

convergence” warnings. Unmatched table 1s and propensity score distribution figures were 

available from all data partners for both pre-specified and high-dimensional propensity score 

models (data not shown). The Sentinel Propensity Score Matching Tool prevented further 

execution of analyses based on the high-dimensional propensity scores at data partners with 

questionable convergence. All 13 data partners returned results for unmatched pre-specified 

propensity scores and high-dimensional propensity scores models as well as results for 

matched pre-specified propensity score models, and seven returned results for matched high-

dimensional propensity score models. Two of the seven sites were affected by an issue in the 

high-dimensional propensity score related codes and thus were excluded from further high-

dimensional propensity score analyses. The issue affected proper covariate selections by the 

high-dimensional propensity score algorithm such that the entire dimensions of clinical 

codes could be omitted from being considered by the algorithm for selection into the high-

dimensional propensity score model.

Predefined propensity score analyses

Baseline characteristics are shown in Table 1 (all 13 data partners) and Table 2 (the five data 

partners that returned results for matched high-dimensional propensity score models and 

completed the high-dimensional propensity score models without errors). In the unmatched 

cohorts, a total of 198,550 glyburide and 379,507 glipizide new users contributed 89,719 and 

244,094 person-years of observation (Table 3), respectively. The median length of follow-up 

was 79 days in glyburide users and 114 days in glipizide users. In the unmatched cohorts, 

the incidence rate for the primary definition of serious hypoglycemia was lower for 

glyburide (19 per 1,000 person-years; 95% CI: 17.9, 19.7) than for glipizide users (22 per 

1,000 person-years; 95% CI: 21.6, 22.7). However, after stratification by site, the HR for 

glyburide vs. glipizide was 1.11 (1.05, 1.18). The conditional analysis using the propensity 

score based on investigator-defined variables ran successfully in all 13 data partners, 

yielding a HR of 1.36 (1.24, 1.49). The unadjusted and adjusted HRs at each site are 

presented in eTable 2;http://links.lww.com/EDE/B229. All sites had crude HRs greater than 

1, except for data partners 9 and 11.

High-dimensional propensity score analyses

In the unmatched high-dimensional propensity score analysis, ten out of 13 data partners 

(including data partners 9 and 11, which had unadjusted HRs < 1) produced a cluster of 

persons with high-dimensional propensity scores near 1.0 in users of glyburide but not 

glipizide (see eFigures 1 and 2;http://links.lww.com/EDE/B229 for examples of the 

histograms, and eFigure 3 and 4; http://links.lww.com/EDE/B229 for the histograms of data 

partner 9 and 11, respectively), indicating that the high-dimensional propensity score 

identified a group of glyburide users with a near certain predicted probability of receiving 
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glyburide vs. glipizide. The cluster of glyburide users with high-dimensional propensity 

score near 1.0 did not appear to be related to convergence warnings, as five of the seven data 

partners without convergence warnings and five of six data partners with convergence 

warnings had patients with predicted probability of glyburide exposure near 1.0. The 

majority of the top ten variables that most strongly predicted glyburide exposure within each 

Data Partner were related to pregnancy, such as ICD-9-CM diagnosis code 648.83 for 

abnormal glucose tolerance of mother, antepartum, and CPT code 76811 or 76805 for 

ultrasound for pregnancy (see eTable 3 to 6; http://links.lww.com/EDE/B229 for lists of top 

ten covariates selected by the high-dimensional propensity score algorithm). No glipizide 

users were identified within maximum allowable caliper distance for glyburide-treated 

persons with high-dimensional propensity score values of near 1.0. For Data Partner 9 and 

11, the distributions of propensity scores were skewed and we found a match for only 43% 

to 64% of glyburide users. In the matched cohorts, all predefined covariates were balanced 

except for the baseline metformin use in the model matched only on covariates selected by 

the high-dimensional propensity score algorithm. In the five data partners in which the 

program completed the high-dimensional propensity score analysis, the HR matched on 

high-dimensional propensity scores was 1.49 (1.31, 1.70) and the HR matched on a 

propensity score that included both pre-defined variables and those identified using the high-

dimensional propensity score algorithm was 1.51 (1.32, 1.71).

The HRs based on the secondary definition of serious hypoglycemia that included only 

emergency department cases were slightly higher than those using the primary outcome 

definition (eTable 7; http://links.lww.com/EDE/B229).

DISCUSSION

The primary goal of this assessment was to pilot-test the ability of the Sentinel Propensity 

Score Matching Tool to reproduce the known association between glyburide (vs. glipizide) 

and serious hypoglycemia. In the analyses matched on three different types of propensity 

scores, the incidence rate of serious hypoglycemia was 1.36 to 1.51-fold higher in users of 

glyburide vs. glipizide. These findings are consistent with the results of prior studies.7,8,9,18 

Thus, we were able to reproduce this well-known association using the Sentinel Propensity 

Score Matching Tool, which enables the conduct of two-group comparative cohort 

evaluations in a privacy-preserving distributed data environment using an input specification 

form rather than a protocol, and customizable modular programs rather than de novo 
statistical programs. We have previously used the same tool to replicate another known 

association between angiotensin-converting enzyme inhibitor use and angioedema.24

We observed a somewhat smaller HR (1.36- to 1.51-fold increased risk) compared to 

previous epidemiological studies (1.67- to 1.90-fold increased risk).7,8 This difference may 

be due to differences in the outcome definition and a younger study population. van Staa and 

colleagues conducted a cohort study enrolling subjects at least 20 years of age and over 61% 

of the study population were older than 65 years.7 Moreover, the study was conducted in the 

United Kingdom and hypoglycemia was ascertained using the Oxford Medical Information 

Systems (OXMIS) code. Shorr et al performed a cohort study specifically in subjects aged 

65 years and above using data from the Tennessee Medicaid Program.8
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Although we observed a lower crude incidence rate among glyburide users vs. glipizide 

users in the unmatched cohorts using data from 13 sites, the site adjusted HR indicated 

elevated risk of serious hypoglycemia for glyburide vs. glipizide. The observed difference in 

the direction of association was due to stratification by data partners. The site-specific 

estimates suggested an elevated risk for glyburide vs. glipizide at each site except for data 

partners 9 and 11.

Examination of the site-specific results, including the distribution of propensity score and 

the top ten empirically selected covariates by the high-dimensional propensity score 

suggested that the two sites had a large group of glyburide users who were pregnant women. 

Given the relatively high percentage of pregnant glyburide users, there may be residual 

confounding by pregnancy at these sites in the analyses that matched on a propensity score 

based solely on predefined covariates. Since the Sentinel Distributed Database is updated 

regularly, analyses with pregnant women excluded could not be repeated in the identical 

study population.

The existence of a subgroup of patients with a high-dimensional propensity score of close to 

1.0 led to the identification of pregnant women as a group who, at least in some data 

partners, were essentially always prescribed glyburide in preference to glipizide. This was 

supported by the fact that the top ten empirically selected covariates at these sites (see 

eTable 3 to 6; http://links.lww.com/EDE/B229) were all related to pregnancy, a variable that 

were not specified by the investigator a priori. This reflects the real world utilization of 

glyburide, which is commonly used for the treatment of gestational diabetes.25 If essentially 

all women with gestational diabetes take glyburide rather than glipizide, it may be 

inadvisable to try to infer a causal effect of glyburide vs. glipizide in this subgroup. 

Nevertheless, in the analyses that used only investigator-specified variables in the propensity 

score (which did not include markers of pregnancy), it is likely that pregnant women using 

glyburide were matched to non-pregnant glipizide users. Since pregnancy was not included 

in the analysis that was matched on the propensity score that included only investigator-

defined variables, the difference between the investigator-defined propensity score and high-

dimensional propensity score results may be due to either residual confounding by 

pregnancy (if it is a confounder) or to non-collapsibility of the HR. This illustrates a 

potential advantage of the high-dimensional propensity score approach: the identification of 

potential covariates that were not pre-specified by the investigators, which may ultimately 

help to improve confounding adjustment. However, in this case the difference between the 

investigator-defined propensity score and high-dimensional propensity score results was 

small, at least in part because pregnancy was not common in the overall cohort. In instances 

when an evaluation is performed to inform causal inferences about the exposures rather than 

to assess the performance of an analytic tool (i.e., nearly all instances), identification of 

subgroups in which nearly all individuals receive one treatment can signal the need to 

exclude or stratify based on that variable.

Our study included data from 13 data partners. The observed differences in sample sizes, 

events rate and effect estimates across data partners indicate the potential of database 

heterogeneity. Despite the differences, using the pooled stratified analysis approach, the HRs 

in the pooled analysis were highly consistent across different propensity score models.
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The Sentinel Propensity Score Matching Tool includes three options of estimating 

propensity scores. The predefined covariates allows investigators to specify covariates based 

on prior knowledge, while the high-dimensional propensity score option allows an 

automated algorithm to identify a list of empirically selected covariates based on the 

potential for confounding the exposure-outcome association. In this study, the HRs were 

broadly consistent across all three types of propensity score models, supporting the 

robustness of the results. In the cohorts matched on covariates selected by the high-

dimensional propensity score algorithm, the algorithm failed to achieve balance on baseline 

metformin use, one of the predefined variables. In the model matched on both predefined 

variables and variables selected by the high-dimensional propensity score, all predefined 

covariates were balanced. This indicates high-dimensional propensity score alone may not 

be sufficient to achieve balance for all predefined covariates when these variables are not 

included in the propensity score model. However, it is likely that metformin did not have a 

large empirical association with the outcome; otherwise, it would have been identified and 

included in the high-dimensional propensity score model.

Another goal of this study was to assess and identify practical issues encountered during the 

implementation of these tools and to identify issues for future enhancements. At the time of 

this pilot test, the Sentinel Propensity Score Matching Tool included a defensive coding 

strategy that prevented matching on propensity scores and further analysis when there were 

warnings about model convergence. In this pilot study, high-dimensional propensity score 

models ran without convergence warnings in seven out of 13 data partners; the remaining six 

data partners had warnings regarding questionable convergence of high-dimensional 

propensity score models.

These six sites were of smaller size compared to others, so insufficient sample size is a likely 

explanation for this questionable convergence. No matched tables or propensity score 

distribution figures were created and returned to the Sentinel Operations Center from these 

six data partners. This experience helped the Sentinel Operations Center and development 

team recognize that changes were needed for the next update to the Sentinel Propensity 

Score Matching Tool. Without the matched tables and distribution figures for the propensity 

scores with potentially questionable convergence, investigators and Sentinel Operations 

Center staff were unable to assess balance on important confounders after matching. By 

modifying the defensive coding strategy in an updated version Sentinel Propensity Score 

Matching Tool, in the future, matched tables and figures using propensity scores from 

models with warnings about convergence will be returned for review and assessment of 

balance or other anomalies. In this assessment, we used the default value of 200 for the 

number of empirically identified variables to include in the high-dimensional propensity 

score models at each Data Partner. It is possible that using a smaller number would have 

avoided potential convergence issues in this assessment. Since the Sentinel Distributed 

Database is updated regularly, this assessment could not be repeated in the identical study 

population.

At the time of this analysis, the high-dimensional propensity score portion of the Sentinel 

Propensity Score Matching Tool was written in Java. In this evaluation, we identified an 

issue that when multiple high-dimensional propensity score packages are running 
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concurrently on the same machine, the code implemented in Java may have strained 

computing resources, thereby, improperly selected variables into the high dimensional 

propensity score models. We removed the two sites that were affected by this issue from the 

pooled results of the high-dimensional propensity score models. The code has been rewritten 

in SAS and a new, JAVA-free version of the tool has been released.

The Sentinel Propensity Score Matching Tool and the data to which it was applied have 

several limitations. First, it controls for baseline but not time-varying covariates. Second, as 

other studies using claim data, it uses ICD-9 codes to identify outcomes and covariates, 

which are subject to misclassification. This limitation is mitigated by our use of validated 

algorithms with high positive predictive values. A limitation of distributed data 

environments such as Sentinel, in which data are updated regularly and locked copies are not 

maintained, is that iterative analyses to elucidate unexpected findings may need to be 

performed in non-identical study populations, which could introduce an additional source of 

variability across analyses.

In conclusion, the results of our assessment broadly demonstrated the ability of the Sentinel 

Propensity Score Matching Tool to successfully reproduce the known association between 

glyburide versus glipizide and serious hypoglycemia in the Sentinel Distributed Database, 

while identifying characteristics of the tool that needed to be improved.
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Statement about availability of data and code for replication

Sentinel uses a distributed data approach in which Data Partners (DPs) maintain physical 

and operational control over electronic health data in their existing environments after 

transforming their data into a common data model. This analysis utilized the Sentinel 

distributed database and standardized data querying tools. Code for Sentinel standardized 

data querying tools, query specifications, and related documentation are shared via the 

Sentinel website, which allows for transparency and potential replicability of this study 

on other data sources. Due to its distributed nature, Sentinel generally does not save, 

maintain, or post individual level datasets. Sentinel DPs update data at varying intervals 

and retain a limited number of iterations of their historical data, which may affect 

replication of this assessment.
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