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We very much appreciate the thoughtful review and feedback by the editors and reviewers.  The 

suggested changes have further strengthened the article and we feel it will be a helpful addition to the 

literature as a methods paper for use of the opportunity to submit the manuscript reviewing the use of 

the Military Health Systems Data Repository for a retrospective database study.  Additionally, it 

provides a protocol for applying propensity analysis to account for selection bias in a retrospective 

design.   

 

With the growing popularity and availability of administrative data sets, we believe our study is a 

timely addition to the journal and will be well received. It is inherent that investigative groups that are 

interested in using this study methodology have a guide to its appropriate use. 

 

On behalf of the authors, I thank you for considering our revised manuscript for publication in the 

Journal.  
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SUMMARY:  28 
When randomized controlled trials are not feasible, a comprehensive health care data source 29 
like the Military Health System Data Repository provides an attractive alternative for 30 
retrospective analyses. Incorporating mortality data from the national death index and 31 
balancing differences between groups using propensity weighting helps reduce biases inherent 32 
in retrospective designs. 33 
 34 
ABSTRACT: 35 
When randomized controlled trials are not feasible, retrospective studies using big data provide 36 
an efficient and cost-effective alternative, though they are at risk for treatment selection bias. 37 
Treatment selection bias occurs in a non-randomized study when treatment selection is based 38 
on pre-treatment characteristics that are also associated with the outcome. These pre-39 
treatment characteristics, or confounders, can influence evaluation of a treatment’s effect on 40 
the outcome. Propensity scores minimize this bias by balancing the known confounders 41 
between treatment groups. There are a few approaches to performing propensity score 42 
analyses, including stratifying by the propensity score, propensity matching, and inverse 43 
probability of treatment weighting (IPTW). Described here is the use of IPTW to balance 44 
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baseline comorbidities in a cohort of patients within the US Military Health System Data 45 
Repository (MDR). The MDR is a relatively optimal data source, as it provides a contained 46 
cohort in which nearly complete information on inpatient and outpatient services is available 47 
for eligible beneficiaries. Outlined below is the use of the MDR supplemented with information 48 
from the national death index to provide robust mortality data. Also provided are suggestions 49 
for using administrative data. Finally, the protocol shares an SAS code for using IPTW to balance 50 
known confounders and plot the cumulative incidence function for the outcome of interest. 51 
 52 
INTRODUCTION: 53 
 54 
Randomized, placebo-controlled trials are the strongest study design to quantify efficacy of 55 
treatment, but they are not always feasible due to cost and time requirements or a lack of 56 
equipoise between treatment groups1. In these instances, a retrospective cohort design using 57 
large-scale administrative data (“big data”) often provides an efficient and cost-effective 58 
alternative, though the lack of randomization introduces treatment selection bias2. Treatment 59 
selection bias occurs in non-randomized studies when the treatment decision is dependent on 60 
pre-treatment characteristics that are associated with the outcome of interest. These 61 
characteristics are known as confounding factors.   62 
 63 
Because propensity scores minimize this bias by balancing the known confounders between 64 
treatment groups, they have become increasingly popular3. Propensity scores have been used 65 
to compare surgical approaches4 and medical regimens5. Recently, we have used a propensity 66 
analysis of data from the United States Military Health System Data Repository (MDR) to assess 67 
the effect of statins in primary prevention of cardiovascular outcomes based on the presence 68 
and severity of coronary artery calcium6. 69 
 70 
The MDR, utilized less frequently than the Medicare and VA data sets for research purposes, 71 
contains comprehensive administrative and medical claims information from inpatient and 72 
outpatient services provided for active duty military, retirees, and other Department of Defense 73 
(DoD) healthcare beneficiaries and their dependents. The database includes services provided 74 
worldwide at US military treatment facilities or at civilian facilities billed to the DoD. The 75 
database includes complete pharmacy data since October 1, 2001. Laboratory data is available 76 
from 2009 but is only limited to military treatment facilities. Within the MDR, cohorts have 77 
been defined with methods including use of diagnoses codes (e.g., diabetes mellitus7) or 78 
procedure codes (e.g., arthroscopic surgery8). Alternatively, an externally defined cohort of 79 
eligible beneficiaries, such as a registry, can be matched to the MDR to obtain baseline and 80 
follow-up data9. Unlike Medicare, the MDR includes patients of all ages. It is also less biased 81 
towards males than the VA database since it includes dependents. Access to the MDR is limited, 82 
however. Generally, only investigators that are members of the Military Health System can 83 
request access, analogous to requirements for use of the VA database. Non-government 84 
researchers seeking access to Military Health Systems data must do so through a data sharing 85 
agreement under the supervision of a government sponsor. 86 
 87 
When using any administrative data set, it is important to bear in mind the limitations as well as 88 



  

strengths of administrative coding. The sensitivity and specificity of the code can vary based on 89 
the related diagnosis, whether it is a primary or secondary diagnosis, or whether it is an 90 
inpatient or outpatient file. Inpatient codes for acute myocardial infarction are generally 91 
accurately reported with positive predictive values over 90%10, but tobacco use is often 92 
undercoded11. Such undercoding may or may not have a meaningful effect on a study’s 93 
results12. Additionally, several codes for a given condition may exist with varying levels of 94 
correlation to the disease in question13. An investigative team should perform a comprehensive 95 
literature search and review of the International Classification of Disease, Ninth Revision, 96 
Clinical Modification (ICD-9-CM) and/or ICD-10-CM coding manuals to ensure that the 97 
appropriate codes are included in the study.   98 
 99 
Several methods can be employed to improve the sensitivity and accuracy of the diagnostic 100 
codes to define comorbid conditions. An appropriate “look-back” period should be included to 101 
establish baseline comorbidities. The look-back period includes the inpatient and outpatient 102 
services provided prior to study entry. A period of one year may be optimal14. Additionally, 103 
requiring two separate claims instead of a single claim can increase specificity, while 104 
supplementing coding data with pharmaceutical data can improve sensitivity15. Select manual 105 
chart audits on a portion of the data can be used to verify accuracy of the coding strategy. 106 
 107 
Once comorbidities have been defined and assessed for the cohort in question, a propensity 108 
score may be used to balance differences in covariates between treatment groups. The 109 
propensity score is derived from the probability that a patient is assigned to a treatment based 110 
on known covariates. Accounting for this propensity treatment reduces the effect that the 111 
covariates have on treatment assignment and helps generate a truer estimate of the treatment 112 
effect on the outcome. While propensity scores do not necessarily provide superior results to 113 
multivariate models, they do allow for assessment of whether the treated and untreated 114 
groups are comparable after applying the propensity score3. Study investigators can analyze the 115 
absolute standardized differences in covariates before and after propensity matching or inverse 116 
probability of treatment weighting (IPTW) to ensure known confounders have been balanced 117 
between groups. Importantly, unknown confounders may not be balanced, and one should be 118 
aware of the potential for residual confounding.   119 
 120 
When executed properly, though, propensity scores are a powerful tool that can predict and 121 
replicate results of randomized controlled trials16. Of the available propensity-score techniques, 122 
matching and IPTW are generally preferred17. Within IPTW, patients are weighted by their 123 
propensity or probability for treatment. Stabilizing weights are generally recommended over 124 
raw weights, while trimming of the weights can also be considered18-21. 125 
 126 
Once study groups are balanced, they may be followed until the outcome of interest. Studies 127 
utilizing administrative data may be interested in outcomes such as readmission rates and time-128 
to-event analyses. In studies interested in mortality, the Military Health System Data Repository 129 
includes a field for vital status that can be further augmented using the national death index 130 
(NDI)22,23. The NDI is a centralized database of death record information from state offices that 131 
is managed by the Center for Disease Control. Investigators can request basic vital status and/or 132 



  

specific cause of death based on the death certificate.   133 
 134 
The following protocol details the process of conducting an administrative database study using 135 
the MDR augmented with mortality information from the NDI. It details the use of IPTW to 136 
balance baseline differences between two treatment groups including SAS code and example 137 
output. 138 
 139 
PROTOCOL:  140 
 141 
The following protocol follows the guidelines of our institutional human ethics committees. 142 
 143 
1. Defining the cohort 144 

 145 
1.1. Determine and clearly define the inclusion and exclusion criteria of the planned cohort 146 
using either 1) a registry or 2) data points that can be extracted from the MDR such as 147 
administrative codes for diagnoses or procedures (i.e., all patients with more than two 148 
outpatient diagnoses or one inpatient diagnosis of atrial fibrillation). 149 

 150 
1.1.1. If using a registry, include two or more patient identifiers for accurate matching with the 151 
Military Health System Data Repository such as medical record number (listed in different data 152 
sets as patuniq and edipn), full name, date of birth, and/or sponsor’s social security number.   153 

 154 
NOTE: As with all studies utilizing personal health information, safeguards are required and 155 
must be adhered to. Proper encryption and data management must be employed during the 156 
collection process, and information should be de-identified as soon as possible. 157 

 158 
NOTE: When referencing the sponsor’s social security number (sponssn), all patients are listed 159 
with regard to their relationship to the military member (or sponsor), including an identifier for 160 
the sponsor, spouse, and children. Be aware that the relationship code and sponsor’s social 161 
security number may change over time in the data set when patients become adults and get 162 
married or divorced. Thus, multiple patient identifiers help to ensure accuracy. 163 

 164 
1.1.2. If defining the cohorts through administrative coding, perform a comprehensive 165 
literature search to identify prior studies that have potentially validated the codes of interest. 166 
Review ICD-9-CM24 and/or ICD-10-CM25 manuals to clarify code definitions and neighboring 167 
codes to ensure the appropriate range of codes is being used. Additionally, review the cross-168 
reference tables included in the manuals for consideration of additional codes for 169 
inclusion/exclusion. Prior validation studies contain reports of positive predictive value, 170 
sensitivity and specificity for various administrative coding strategies. These aid in optimization 171 
of cohort selection as well as outcome identification. 172 

 173 
1.2. Determine if there are restrictions (e.g., based on age) on the desired cohort or other 174 
exclusion criteria to include in the data request. 175 

 176 



  

1.3. Define the study period to include time prior to index date for collection of baseline 177 
covariates (generally 12 months in administrative data research) as well as study end date.  178 
 179 
2. Defining covariates and outcomes 180 
 181 
2.1. Define administrative codes for confounding conditions through literature searches and 182 
use of the ICD-9-CM24 and/or ICD-10-CM25 manuals as done in step 1.1.2 above.   183 
 184 
2.2. Determine other necessary covariates including demographics, medication, and laboratory 185 
data. 186 
 187 
2.3. Review available data fields in the MDR Data Dictionary here: <https://health.mil/Military-188 
Health-Topics/Technology/Support-Areas/MDR-M2-ICD-Functional-References-and-189 
Specification-Documents>. 190 
 191 
3. Submitting a request for the MDR 192 
 193 
3.1. Obtain approval of the Institutional Review Board. 194 
 195 
3.2. Complete a data sharing agreement application that can be found here: 196 
<https://health.mil/Military-Health-Topics/Privacy-and-Civil-Liberties/Submit-a-Data-Sharing-197 
Application?type=All#RefFeed>. As part of the application, specify data fields and files being 198 
requested on the DRT Military Health System Data Repository (MDR) Extractions worksheet 199 
(linked from application form). Specify whether the team is requesting a data analyst supply the 200 
raw data or if the team will access the MDR directly. Further specify whether the request is for 201 
a one-time data pull or if regular pulls are requested daily, monthly or yearly.   202 
 203 
NOTE: To obtain MDR data by any method, there must be a sponsor that is a government 204 
employee (active duty military or GS), who is usually a member of the investigator team. 205 

 206 
3.3. If accessing the MDR directly, complete the “MDR Authorization Request Form” and “MDR 207 
CS 2875 Form” that can be found here: <https://health.mil/Military-Health-208 
Topics/Technology/Support-Areas/MDR-M2-ICD-Functional-References-and-Specification-209 
Documents>. 210 
 211 
4. Accessing the MDR and extracting relevant data 212 
 213 
4.1. If accessing the MDR directly, follow instructions for accessing and using the MDR including 214 
software requirements and example SAS programs that are available in the “MDR User’s Guide” 215 
and “MDR Functional Guide” found here: <https://health.mil/Military-Health-216 
Topics/Technology/Support-Areas/MDR-M2-ICD-Functional-References-and-Specification-217 
Documents>.   218 
 219 
NOTE: Files are saved in SAS format and accessed through a unix shell generally using putty.exe 220 



  

as well as an ftp program. Knowledge of SAS is required. 221 
 222 
4.2. For a helpful overview of the MDR setup, review the DOD Guide for DOD Researchers on 223 
using MHS Data <https://health.mil/Reference-Center/Publications/2012/10/10/Guide-for-224 
DoD-Researchers-on-Using-MHS-Data>.   225 
 226 
4.3. As done in step 2.3, review the MDR Data Dictionary for detailed information on all 227 
available data files <https://health.mil/Military-Health-Topics/Technology/Support-Areas/MDR-228 
M2-ICD-Functional-References-and-Specification-Documents>. 229 
 230 
NOTE: Not all data files include all patient identifiers for matching/merging. The data dictionary 231 
helps list identifiers that are available for each data file. The DOD ID number, also referred to as 232 
“patuniq” or “edipn”, is needed to extract pharmacy information, for instance. Having all 233 
appropriate patient identifiers in the data mining step is therefore important to ensure the 234 
ability to match all patient information across multiple years and multiple data sets. It is 235 
important to reiterate that inherent in research that involves PHI, strict adherence to data 236 
safeguarding procedures is required after acquiring necessary approval, and PHI should be 237 
destroyed after it is no longer needed. 238 
 239 
4.4. Obtain necessary patient identifiers for the cohort by accessing the vm6 beneficiary data 240 
(Sep 2002–present) or pben file (Sep 2000–Sep 2002).   241 
 242 
4.4.1. Use the macro below or a similar program to match vm6 data to the cohort file. In this 243 
case, the code can be used as written to find patient medical record numbers (MRNs) for a 244 
given patient social that is already in a cohort file. Use different variable names in the vm6 data 245 
draw and cohort files for patient names and birthdates to help check for errors later. To 246 
safeguard PHI, store the data with patient identifiers on the service node in the space provided 247 
as part of the data request (see MDR User’s Guide). 248 
 249 
NOTE: MRNs are referred to as the DOD ID number, PATUNIQ or EDIPN in the MDR). 250 
 251 

LIBNAME my '/hsm1/army-other/username/folder’; 252 
 253 
%macro patuniq (fy2,fm2);  *extracts each monthly file and appends to 254 
my.cohort_patuniq; 255 

 256 
filename invm3 pipe "uncompress -c 257 
/mdr/pub/deers/detail/vm6ben/fy&fy2./fm&fm2..txt.Z"; 258 

 259 
   DATA vm6; *imports name and birthdt as well for later error checks; 260 
     infile invm3 lrecl=700 missover; 261 
     input  262 
      @9 SPONSSN $char9. 263 
      @21 DDS_CD $char2. 264 
      @24 BENSSN $char9. 265 
      @34 birthdt yymmdd8. 266 
      @201 last_name $char26. 267 
      @227 first_name $char20.      268 

https://health.mil/Reference-Center/Publications/2012/10/10/Guide-for-DoD-Researchers-on-Using-MHS-Data
https://health.mil/Reference-Center/Publications/2012/10/10/Guide-for-DoD-Researchers-on-Using-MHS-Data
https://health.mil/Military-Health-Topics/Technology/Support-Areas/MDR-M2-ICD-Functional-References-and-Specification-Documents
https://health.mil/Military-Health-Topics/Technology/Support-Areas/MDR-M2-ICD-Functional-References-and-Specification-Documents


  

      @495 PATUNIQ $char10.; 269 
    270 
     if patuniq ne ""; 271 
     format birthdt yymmdd10.; 272 
     RUN; 273 
     274 
 PROC SQL;  275 
      CREATE TABLE patuniq&fy2.&fm2. AS 276 
        SELECT * 277 
        FROM cohort as a, vm6 as b 278 
        WHERE a.benssn=b.benssn 279 
      ; 280 
   QUIT; 281 
 282 
 *adds each file to permanent file in library; 283 
   proc append data = patuniq&fy2.&fm2. base=my.cohort_patuniq force; 284 
   run; 285 
 286 

%mend patuniq; 287 
 288 

*cohort file with limited variable set for matching to MDR data;  289 
data cohort (keep = benssn fmp_ssn dob lastname firstname); 290 
set my.complete_cohort; 291 
run; 292 

 293 
 *calls macro for fiscal year 2015 (October 2014-September 2015); 294 

%dodid(fy2=15,fm2=02) /*November 2014*/ 295 
%dodid(fy2=15,fm2=01) /*October 2014*/ 296 

 297 
4.4.2. As database entries are never completely free of error, perform error checks after each 298 
major step in addition to checking the program log and output for any potential concerns. Use 299 
the data step below to review potential mismatches with the code above (patient files are 300 
matched based on the patient/beneficiary social). When comparing names from the cohort file 301 
(lastname, firstname) with the vm6 file (last_name, first_name), only match on the first three 302 
letters to reduce false errors that arise with differences in spelling/spacing between files.   303 
 304 

Data checkname; 305 
set my.cohort_patuniq;  306 
if UPCASE(SUBSTR(lastname,1,3)) NE UPCASE(SUBSTR(last_name,1,3)) and             307 
dob ne birthdt then output; *if last name and date of birth don’t 308 
match; 309 

else if UPCASE(SUBSTR(firstname,1,3)) NE 310 
UPCASE(SUBSTR(first_name,1,3)) then output; *if first names don’t 311 
match; 312 

run; 313 
 314 
4.4.3. Review error data file (“checkname”). Ignore errors caused by punctuation (O’Reilly vs. 315 
OReilly). Check other errors of concern with manual review of the health record or consider 316 
discarding relevant patient/patient information if significant errors exist and if verification is not 317 
possible. 318 
 319 
4.5. Extract the remaining needed data from the MDR. 320 



  

 321 
4.5.1. If needed, obtain race and sex from vm6ben files (pben files prior to September 2002), 322 
merge with the cohort file, and check for errors as done above: 323 
 324 

filename vmben pipe "uncompress -c 325 
/mdr/pub/deers/detail/vm6ben/fy##/fm##.txt.Z"; 326 

 327 
   DATA vmbenssn; 328 

infile vmben lrecl=800 missover; 329 
input @24 patssn $char9. @; 330 
if (patssn ne "") then do; 331 
input 332 
     @43 bensex $char1. 333 
     @44 race $char1. 334 

; 335 
end; 336 
else delete;   337 
  RUN; 338 

 339 
4.5.2. Obtain death data from the death master file, merge with the cohort file, and check for 340 
errors as done above: 341 
 342 
   DATA death (keep = sponssn patssn dob dds dthdate source edipn); 343 
     SET "/mdr/pub/death/master/mpidth"; *may need to add .sas7bdat; 344 
     if patssn ne ""; 345 
     format dob dthdate mmddyy10.; 346 
     RUN; 347 
 348 
4.5.3. Obtain additional data files needed for analysis (see MDR Functional User’s Guide for 349 
data location and additional helpful SAS macros and code).   350 
 351 
NOTE: Data is stored in separate files depending on whether it was directly provided by military 352 
health care system or delivered elsewhere and billed to the military health care system. 353 
Example files are shown below. 354 
 355 
CAPER – direct care, outpatient files from fy 2004–present  356 
SADR – direct care, outpatient files from 1998–2005 357 
SIDR – direct care, inpatient hospitalizations (direct care) from 1989–present 358 
TEDI – billed care, institutional claim files fy 2001–present 359 
HCSRI – billed care, institutional claims fy 1994–2005 360 
TEDNI – billed care, non-institutional claims fy 2001–present 361 
HCSRNI – billed care, non-institutional claims fy 1994–2005 362 
PDTS – pharmacy file with individual prescriptions fy 2002–present 363 
 364 
5. Merging data and constructing summative files 365 
 366 
5.1. Whether data is obtained from a data analyst or obtained directly from the MDR as done in 367 
section 4 above, data files will need summated and merged together to form the analysis file.  368 



  

Throughout the process, utilize methods that improve data accuracy, including error checks and 369 
review of logs and output as also previously discussed. 370 
 371 
5.1.1. When merging data, use at least two patient identifiers when possible to ensure a strong 372 
match (such as medical record number and date of birth), since errors can exist in any field.  373 
After the data merge, review the data to ensure expected results. Run the code to ensure that 374 
the first three letters of the name match in addition to another identifier or two is useful to 375 
verify proper matches (see step 4.5.1).  376 
 377 
NOTE: The last name may not match if the patient was married during the time period in 378 
question. Minor variations may also exist in name fields due to apostrophes or spacing as well 379 
as typos. 380 
 381 
5.1.2. Pay particular attention to matches at terminal steps in the process such as defining 382 
patients who had outcomes. 383 
 384 
5.2. Extract baseline comorbidities using ICD-9-CM or ICD-10-CM codes from the period before 385 
the index date, the date the patient is considered as entering the study. Generally, use 12 386 
months prior to index date to define comorbidities. 387 
 388 
5.2.1. Ensure patients had eligibility for the military healthcare system during the baseline 389 
period (can be verified monthly in the vm6ben file). 390 
 391 
5.2.2. Search baseline diagnosis codes in outpatient and/or inpatient files to establish baseline 392 
comorbidities during the baseline 12-month period prior to index date. Use ICD-9-CM or ICD-393 
10-CM codes established in section 1. If using Elixhauser comorbidities, use available software 394 
from HCUP, making sure to modify the names of diagnosis variables and files as needed. 395 
(https://www.hcup-us.ahrq.gov/toolssoftware/comorbidity/comorbidity.jsp#download) 396 
 397 
5.3. Search inpatient and/or inpatient files after the index date for outcomes of interest defined 398 
by ICD-9-CM or ICD-10-CM codes, such as hospitalization for myocardial infarction as primary 399 
diagnosis (search for 410.x1 in SIDR). 400 
 401 
5.4. Set a study end date for all patients as a cutoff for follow-up for patients who have not 402 
demonstrated the outcome of interest. Determine which patients need to be censored prior to 403 
study end. 404 
 405 
5.4.1. Search vm6ben file to ensure eligibility for healthcare through the study end date.; 406 
otherwise, censor the patient at the time of loss of eligibility. 407 
 408 
5.4.2. If it is important to limit the study to active users of the healthcare system independent 409 
of eligibility, such as active users of the pharmacy, then determine the last health care contact 410 
(such as last medication fill) within the data files and censor the patients at that date. 411 
 412 



  

NOTE: Be careful using telephone encounters, as they can be present in the health record after 413 
a death has occurred or if the beneficiary has exited the healthcare system in another manner. 414 
 415 
6. Match to the national death index (NDI) 416 
 417 
6.1. Once the full cohort is identified, send the information to the national death index for 418 
matching if mortality is an endpoint.   419 
 420 
6.1.1. First, include the intent to match to the NDI in the requests for MDR data and IRB 421 
approval.  Ensure approval and complete all data encryption steps completed before sending 422 
protected health information (PHI) to the NDI for matching.  423 
 424 
6.2. The “National Death Index (NDI) Application Form” and directions for requesting death 425 
data from the National Death Index can be found here: 426 
<https://www.cdc.gov/nchs/ndi/index.htm>. 427 
 428 
6.3. Send the data on a password-protected CD by overnight mail to the NDI. Results will be 429 
sent back approximately 2 weeks later in the same manner. 430 
 431 
6.4. After receiving the NDI results, review partial matches for potential inclusion/exclusion. 432 
 433 
6.4.1.  “Chapter 4 - Assessing NDI Output” provides a helpful overview of reviewing results and 434 
can be found on the same webpage: <https://www.cdc.gov/nchs/ndi/index.htm>. Matches on 435 
social security number generally provide the strongest match. 436 
 437 
6.4.2. When needed, cross-check deaths in the Social Security Death Index and/or Veterans 438 
Affairs Beneficiary Identification Records Locator Subsystem (BIRLS) to improve accuracy. Be 439 
aware that service members who die overseas will likely not show up on an NDI search but are 440 
often recognized in the MDR vital status file or in the VA BIRLS. 441 
 442 
6.5. Merge the death file with main cohort file after completing the review. 443 
 444 
7. De-identifying data 445 
 446 
7.1. Once all necessary information is acquired, de-identify the data files to help protect PHI. 447 
Generate a random patient identifier for each patient using “ranuni” (see MDR Functional 448 
User’s Guide). Remove patient social, medical record number, date of birth (after computing 449 
age), etc., from data files. If needed (and approved), store a key that links the random patient 450 
identifier to the PHI securely on the SCE node. 451 
 452 
8. Computing the propensity score18,19,26 453 
 454 
8.1. Use logistic regression to model the probability of treatment (proc logistic in SAS).  455 
 456 

https://www.cdc.gov/nchs/ndi/index.htm
https://www.cdc.gov/nchs/ndi/index.htm


  

8.1.1. Specify the data file (“dat” in the example). 457 
 458 
8.1.2. Use class statement to specify categorical variables.  Use “ref = first” to specify the lowest 459 
value (such as 0) as the reference value.   460 
 461 
8.1.3. In the model statement, specify the treatment variable as the dependent variable (Rx) 462 
and set the value for the “event” as the value for receiving treatment (1 in this case).  463 
 464 
8.1.4. Include any possible predictors of receiving treatment as covariates in the model, 465 
especially if they could be predictors of the outcome (such as death). Consider if interactions 466 
between terms may impact treatment.  Include them in the model by using an “*” (such as 467 
male*ckd) or use the syntax shown below placing “|” between covariates and “@2” at the end 468 
to specify all 2 x 2 interactions, as appropriate for the specific model.  469 
 470 
8.1.5. Use the output statement to specify that the predicted probability of treatment (prob) 471 
will be defined by “ps” and output to the file “ps_data.” 472 

 473 
Proc logistic data=dat; 474 
Class male ckd liver diabetes copd chf cad cvd pad / ref = first; 475 
Model Rx(event=’1’) = male | ckd | liver | diabetes | copd | chf | 476 

cad | cvd | pad | age @2; 477 
Output out=ps_data prob=ps; 478 
Run; 479 
 480 

NOTE: Variables in model: male: male sex (binary), ckd: chronic kidney disease (binary), liver: 481 
chronic liver disease (binary), diabetes (binary), copd: chronic obstructive pulmonary disease 482 
(binary), chf: heart failure (binary), cad: coronary artery disease (binary), cvd: cerebrovascular 483 
disease (binary), pad: peripheral arterial disease (binary), age (continuous). 484 
 485 
8.2. Calculate weights from the predicted probability (propensity score). If the patient received 486 
treatment (Rx = 1), then the propensity score weight is 1/(propensity score). If the patient did 487 
not receive treatment, then the propensity score weight is 1/(1 - propensity score). 488 

 489 
Data ps_data;  490 
 Set ps_data; 491 
 If Rx=1 then ps_weight=1/ps; 492 
 Else ps_weight =1/(1-ps); 493 
Run; 494 

 495 
8.4. Stabilize the propensity score by dividing it by the mean weight. In the code below, Proc 496 
means outputs the mean weight into the variable “mn_wt” in the data file “m.” The data set 497 
below that retains the mn_wt from data file “m” then computes the stabilized propensity 498 
scores (st_ps_weight) for each observation. 499 

 500 
Proc means data=ps_data; 501 
 Var ps_weight; 502 
 Output out=m mean=mn_wt; 503 



  

Run; 504 
 505 
Data ps_data; 506 
 If _n_=1 then set m; 507 
 Retain mn_wt; 508 
 Set ps_data; 509 
 st_ps_wt = ps_weight/mn_wt; 510 
Run; 511 

 512 
8.5. Verify balancing after applying the inverse probability of treatment weighting.   513 

 514 
8.5.1. The stddiff macro simplifies computing standardized mean differences for covariates 515 
before and after weighting in SAS.  The code for the macro can be found here: 516 
<http://www.lerner.ccf.org/qhs/software/lib/stddiff.sas>. 517 

 518 
8.5.2. Calculate the standardized mean difference before weighting. As with all macros, the 519 
macro code should be run in SAS prior to calling it. An example call statement is below with the 520 
covariates of interest. 521 

 522 
%stddiff(inds=ps_data,  523 
    Groupvar=Rx, 524 
    Charvars=male ckd liver diabetes copd chf cad cvd pad, 525 
    Numvars=age, 526 
     Stdfmt=8.4, 527 

   Outds=result); 528 
 529 

Inds - input data set, groupvar - variable that defines the study groups, charvars – 530 
categorical variables, numvars – continuous variables, stdfmt – format of standardized 531 
difference, outds – output data set. 532 

 533 
8.5.3. Call the stddiff macro again to calculate the standardized mean difference after 534 
weighting. “Wtvar” specifies the variable containing the standardized propensity score and is 535 
added to the macro call statement.  If the standardized differences are all less than or equal to 536 
0.1, then the balancing is considered successful.  537 

 538 
%stddiff(inds=ps_data,  539 
 Groupvar=Rx, 540 
 Charvars= male ckd liver diabetes copd chf cad cvd pad, 541 
 Numvars=age, 542 
 Wtvar=st_ps_wt, 543 
  Stdfmt=8.4, 544 
        Outds=result); 545 

 546 
8.6. The ASD before and after weighting can be reported in tabular or graph format. For 547 
directions for utilizing a SAS macro to generate a plot, please see the supplementary materials.   548 

 549 
8.7. The IPTW-adjusted data can be now be used in a univariate analysis after ensuring 550 
balancing of measured confounders. 551 
 552 

http://www.lerner.ccf.org/qhs/software/lib/stddiff.sas


  

9. Creating the outcome model and generating a plot of cumulative index function 553 
 554 
9.1. There are a few ways that the resultant time-to-event analysis can be plotted, including 555 
using proc lifetest to generate a survival plot. Use the weight statement to indicate the 556 
standardized propensity weight. 557 
 558 
9.2. To generate a cif plot using a propensity weight, use proc phreg.  559 
 560 
9.2.1. In proc phreg, reference a covariate file to specify covariate values to be used when 561 
generating the plot. In this case, the covariate file only contains the single variable Rx, which 562 
can be 1 or 0.   563 
 564 

data treat; 565 
   Rx = 1; output; 566 
   Rx = 0; output; 567 
run; 568 

 569 
9.2.2. Toggle ods graphics on. Use additional statements as needed to specify output files for 570 
the graph or file type (jpeg, etc.; see 571 
<https://support.sas.com/documentation/cdl/en/statug/63962/HTML/default/viewer.htm#stat572 
ug_odsgraph_sect014.htm>). 573 
 574 

ods graphics on; 575 
 576 
9.2.3. In the proc phreg syntax, use the weight statement to specify the standardized 577 
propensity score variable. Specify values for baseline covariates using the baseline statement in 578 
order to be able to plot the cumulative incidence function. Specify the strata to use for the plot 579 
using “rowid” (in this case RX 1 vs. 0). The number in parentheses following the outcome 580 
variable (“event”) specifies the value(s) of the variable that should be censored which should 581 
include the censoring date and any competing events. In this case, 0 is censored and 1 is a true 582 
event. 583 
 584 

proc phreg data=ps_data plots(overlay)=cif; 585 
 class Rx / order=internal ref=first; 586 
   model time*event(0) = Rx /eventcode = 1; 587 
   weight st_ps_wt; 588 
 baseline covariates=treat / rowid=Rx; 589 
 Title "Treatment vs. No Treatment"; 590 
run; 591 
 592 
ods graphics off; 593 
 594 

REPRESENTATIVE RESULTS: 595 
 596 
Upon completion of IPTW, tables or plots of the absolute standardized differences can be 597 
generated using the stddiff macro code or the asdplot macro code, respectively. Figure 1 shows 598 
an example of appropriate balancing in a large cohort of 10,000 participants using the asdplot 599 



  

macro. After application of the propensity score, the absolute standardized differences were 600 
reduced significantly. The cutoff used for the absolute standardized difference is somewhat 601 
arbitrary, though 0.1 is often used and denotes negligible difference between the two groups.  602 
In a small cohort, proper balancing is more difficult to achieve. Figure 2 shows the unsuccessful 603 
results of attempting to balance covariates in a cohort of 100 participants.   604 
 605 
Once the standardized propensity score is generated, the study team can proceed with 606 
outcome analysis. Survival analysis is often employed due to the need to censor participants 607 
with uneven follow-up information, and Figure 3 depicts an example of the use of proc phreg 608 
with standardized propensity score weights to generate a cumulative incidence function (CIF) 609 
plot. The CIF plot depicts the increasing number of events over time. In this case, the untreated, 610 
or control, group (No Rx) has a larger number of events and is comparatively worse than the 611 
treated group (Rx). 612 
 613 
FIGURE AND TABLE LEGENDS: 614 
 615 
Figure 1: Example of successful balancing. In a large cohort (n = 10,000), IPTW achieved 616 
balancing of the covariates with all absolute standardized differences reducing to less than 0.1. 617 
 618 
Figure 2: Example of unsuccessful balancing. In a small cohort (n = 100), IPTW was unable to 619 
achieve balancing of the covariates with many absolute standardized differences remaining 620 
greater than 0.1. 621 
 622 
Figure 3: Example of cumulative incidence function plot comparing treatment groups. Over 623 
time, the cumulative incidence of mortality increases in both groups, though it is higher in the 624 
untreated group (No Rx). Thus, in this example, the treated group has improved survival. 625 
 626 
DISCUSSION: 627 
 628 
Retrospective analyses using large administrative datasets provide an efficient and cost-629 
effective alternative when randomized controlled trials are not feasible. The appropriate data 630 
set will depend on the population and variables of interest, but the MDR is an attractive option 631 
that does not have the age restrictions seen with Medicare data. With any data set, it is 632 
important to be intimately familiar with its layout and data dictionary. Care should be taken 633 
along the way to ensure that complete data are captured, and data are accurately matched and 634 
merged.   635 
 636 
Codes for diagnoses should be defined using existing literature and a thorough understanding 637 
of the ICD-9-CM and ICD-10-CM coding system to maximize the value of the assigned 638 
diagnoses. Existing sets of comorbidity codes, including the Elixhauser27 or refined Charlson 639 
comorbidity index28,29, can be used to define comorbid conditions that may influence the 640 
outcome of interest. Likewise, validated coding algorithms in administrative data and should be 641 
leveraged. Validation should remain an area of active research, as there is continued learning 642 
on the optimal use of ICD-9-CM and ICD-10-CM coding algorithms to maximize accurate 643 



  

classification of a wide-range of diseases.   644 
 645 

Propensity scores can be used to address the bias inherent in any retrospective analysis.  646 
Effective propensity score weighting or matching should reduce the absolute standardize 647 
difference (ASD) below the desired threshold, generally set at 0.1. Appropriate balancing helps 648 
ensure comparability of the treatment groups with regard to known confounders, and 649 
appropriately employed propensity score techniques have been used to successfully replicate 650 
randomized trial results. Once properly balanced, the treatment groups can be compared with 651 
univariate time-to-event or other analysis. 652 

 653 
Even with appropriate balancing, there is potential for residual confounding3, so the 654 
investigative team should limit the effect of unmeasured confounders. Additionally, if the 655 
effects of the covariates on treatment selection are strong, bias may still remain30. In small 656 
cohorts, the propensity scores are unlikely to fully reduce the ASD below 0.1 for all variables 657 
and regression adjustment can be employed to help remove residual imbalance31. Regression 658 
adjustment can also be used in subgroup analysis when appropriate balance is no longer 659 
assured. 660 

 661 
When done correctly, research with administrative data provides timely answers to important 662 
clinical questions in the absence of randomized clinical trials. While it is impossible to remove 663 
all bias from observational studies, bias can be limited by using propensity scores and 664 
remaining meticulous analyses. 665 
 666 
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Editorial comments: 
General: 
1. Please take this opportunity to thoroughly proofread the manuscript to ensure that there are no spelling or 
grammar issues. 

 
Done. 
 
2. Please remove the ‘ASD plot macro’ section from the manuscript and include it as supplemental material. 
Please also remove the embedded Table of Materials. 

 
Done. 
 
Protocol: 
1. Please include an ethics statement before the numbered protocol steps, indicating that the protocol 
follows the guidelines of your institution’s human research ethics committee. 

 
We added the following statement, “The following protocol follows the guidelines of our institutional human ethics 
committees.” 
 
2. Please ensure that all text in the protocol section is written in the imperative tense as if telling someone 
how to do the technique (e.g., “Do this,” “Ensure that,” etc.). The actions should be described in the 
imperative tense in complete sentences wherever possible. Avoid usage of phrases such as “could be,” 
“should be,” and “would be” throughout the Protocol. Any text that cannot be written in the imperative tense 
may be added as a “Note.” However, notes should be concise and used sparingly. 

 
Updated throughout. 
 
3. There is a 10 page limit for the Protocol, but there is a 2.75 page limit for filmable content. Please highlight 
2.75 pages or less of the Protocol (including headers and spacing) that identifies the essential steps of the 
protocol for the video, i.e., the steps that should be visualized to tell the most cohesive story of the Protocol. 
Remember that non-highlighted Protocol steps will remain in the manuscript, and therefore will still be 
available to the reader. 
 

Appropriate text has been highlighted. 
 
4. Please add more details to your protocol steps. Please ensure you answer the “how” question, i.e., how is 
the step performed? Alternatively, add references to published material specifying how to perform the 
protocol action. If revisions cause a step to have more than 2-3 actions and 4 sentences per step, please split 
into separate steps or substeps. 
 

We added significant detail to the steps to the 10 page limit.  Please let us know if this has met your expectations or if 
we needed to adjust in any way. 
 
Specific Protocol steps: 
1. 1.1.2, etc.: Can you include the ICD-9 and ICD-10 manuals as references? 

 
Added references to example manuals. 
 
2. 5,7: Please provide more details and/or references in these sections-how exactly are these done, e.g., what 
programs are used? 
 

We added detail to steps 4, 5, and 7. (The revised Step 4 includes some of the detail that would have been in step 5).  
Given the 10-page limit, we cannot provide all code that was used for our MDR study or would be needed for a 
generic protocol, but we attempted to provide the salient points and appropriate direction and resources.  
 
References: 
1. Please do not abbreviate journal titles. 

 
Updated the bibliography with full journal titles. 
 
Table of Materials: 
1. Please ensure the Table of Materials has information on all materials and equipment used, especially those 
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mentioned in the Protocol. 

 
Done. 
 
Reviewers' comments: 

 
Reviewer #1: 
 
Manuscript Summary: 
Thank you for the opportunity to review this manuscript. Overall this is well written,and represents an 
excellent topic that needs to be addressed. The manner in which the information is presented, along with 
provision of SAS code and examples will be of invaluable help to other research teams looking to explore the 
MDR. This is a valuable contribution. Below are some minor suggestions for improvement. 
 

We appreciate your positive feedback and suggestions for improvement of the article. 
 
Major Concerns: 
None 

 
Minor Concerns: 
 
The actual name of the database is the Military Health System Data Repository (MDR) rather than what is 
used a few times in the manuscript (Military Data Repository). Please update accordingly (keywords, short 
abstract, and several others) so that it is uniform throughout the manuscript. 

 
Thank you for catching these inconsistencies.  They have been corrected. 
 
Line 67: "and data from the United States Military Data….." 
Line 71: "The MDR, utilized less frequently than Medicare and VA datasets for research purposes, contains 
……" 
Line 186: More accurately I believe, this could read "In order to access MDR data, there must be a sponsor 
that is a government employee (activity duty military or GS), who is also usually a member of the investigator 
team" 
 

Thank you for your suggestions, they have been incorporated into the manuscript. 
 
Section 4 - Accessing the MDR 
It can be accessed by several mechanisms. An authorized health analyst with authorized access can pull the 
raw data and deliver it to an investigator. The DSAA from DHA asks for a one-time or continuous data pull, 
which is another option as well. 

 
Thank you for your clarifying comments.  We have updated section 3 to detail that the data can be requested from an 
analyst.  
 
Another key component is determining eligibility for care throughout the entire period of surveillance. Just 
because the individual met the criteria at baseline, does not mean they were eligible for the entire 
surveillance period. This is very important as otherwise a lack of incidents of interest may just be that the 
individual was no longer seeking care in the MHS. This can be done through the DEERS file, which return 
eligibility by month. They should have full eligibility the entire prospective period of surveillance as well as 
the full retrospective (1-2 years) period, unless the imbalance is appropriately adjusted for by other means. 

 
We agree this is a very important point and have added this as 1.3 (Define the study period) and 5.4.1.   
 
Reviewer #2: 
 
Manuscript Summary: 
Describes a summary on how to construct an IPTW from a big dataset in SAS. 

 
Major Concerns: 
 
- Using SAS only limits the target audience. SAS is used in medical research, and in business. Outside of 
these two disciplines R is used (exception being Econ and Soc which use Stata a lot). 



- Choice of PS model (include all two-ways) was not really motivated. How is an applied researcher expected 
to choose? 
- Outcome model should also be provided, and explained how to incorporate IPTW into analysis 
- Raw weights, truncated weights, stabilized weights should be discussed (currently only stabilized weights 
are discussed) 
- Overall, the contribution of the paper is relatively minor, and I feel simply not sufficient for publication in a 
journal 

 
Thank you for your thorough review and feedback.  SAS is the only program contained in the protocol since the MDR 
is stored in SAS accessed through the SAS Computing Environment.  Using another program would require that the 
user transforms the data into another format.  Given space limitations, it was felt to be important to maintain 
consistency with directions that also align with the MDR Functional User’s Guide.   
 
We acknowledge that the PS model listed is not truly motivated, but it cannot be given the aim of the manuscript is to 
provide a generic protocol.  We included 2x2 interactions as it was an example of how to do the code if it was 
desired.  We have, however, tried to further clarify that the user should address interactions as appropriate for their 
own model. 
 
We feel that the focus on stabilized weights is appropriate given the space limitations and the need to deliver a clear 
protocol within the space limitations.  We did add some additional text to the introduction to introduce the concept. 
 

Once comorbidities have been defined and assessed for the cohort in question, a propensity 
score may be used to balance differences in covariates between treatment groups.  The 
propensity score is derived from the probability that a patient would be assigned to treatment 
based on known covariates.  Accounting for this propensity treatment reduces the effect that 
the covariates have on treatment assignment and helps generate a truer estimate of the 
treatment effect on the outcome.  While propensity scores do not necessarily provide superior 
results to multivariate models, they do allow for assessment of whether the treated and 
untreated groups are comparable after applying the propensity score.3 Study investigators can 
analyze the absolute standardized differences in covariates before and after propensity 
matching or inverse probability of treatment weighting (IPTW) to ensure known confounders 
have been balanced between groups.  Importantly, unknown confounders may not be balanced 
and one should be aware of the potential for residual confounding.   
 
When executed properly, though, propensity scores are a powerful tool that can predict and 
replicate results of randomized controlled trials.16 Of the available propensity-score techniques, 
matching and IPTW are generally preferred.17 Within IPTW, patients are weighted by their 
propensity or probability for treatment.  Stabilizing weights are generally recommended over 
raw weights, while trimming of the weights can also be considered. 18-21 
 
 
 
We appreciate the feedback on the publication worthiness of the manuscript, but respectfully disagree.  Certainly, 
there are other manuscripts that go into more detail with regard to propensity analysis, but the aim of this paper is to 
provide a helpful protocol for using the MDR, which is less well known than other larger data sets, as well as a 
general overview of application of propensity analysis to the data.  We feel that the manuscript meets these goals and 
will be helpful as a primer and aid to a broad audience. 
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