APPENDIX
SIM INITIATIVE EXAMPLES AND POTENTIAL INFLUENCE ON V CODE USE
Several potential barriers to V code use have been identified, all of which are addressed by various SIM reforms. First, there is little financial incentive for clinicians to code for social risk factors, as they are not reimbursed for time or services related to these codes.1,2 However, global and risk-based payment models, such as ACOs and Episodes of Care implemented under SIM, may encourage clinicians to identify these risk factors and address unmet needs, as individuals with unmet needs have higher utilization and total costs of care.3–5 High-cost utilization translates into less shared savings for providers under risk-based payment models. Second, clinicians may be particularly hesitant to screen for social risk factors when they are unable to subsequently link their patients with services to address these factors.6 Many SIM-sponsored programs were focused explicitly on fostering linkages between health care and social services organizations. For instance, Vermont conducted learning collaboratives for providers that covered how to work with community health workers to address patients’ unmet needs.7,8 Third, coding for social risk factors in EHRs is difficult and can be confusing for clinicians.9,10 For example, several different codes can be used to diagnose housing insecurity. The majority of SIM states devoted over 20% of the funding to health information technology infrastructure and many states provided EHR technical assistance and trainings.11 In post-implementation evaluations, providers in SIM states noted increased use of EHRs and patients increasingly perceived their clinicians as having better use of EHRs and consequently better awareness of their medical histories.8

SAMPLE CREATION
The analysis utilized data from four SIM Round One states (Arkansas, Massachusetts, Oregon, and Vermont) and four comparison states (Arizona, Georgia, New Jersey, and New Mexico). These states were selected based on SID data availability; not all states participate in HCUP SID in all years and remaining SIM Round One states (Maine and Minnesota) were systematically missing data on key covariates. The sample included all adults over age 18 with diagnosed diabetes discharged in these states between January 1, 2010 and September 30, 2015. After dropping encounters by individuals that resided outside the focal states (N=258,842), were admitted via transfer from another hospital, a skilled nursing facility, or another healthcare facility (N=445,050), or were missing data on any included covariates (N=95,367), the analytic sample contained 5,040,456 hospitalizations.

Diabetes diagnosis was determined using HCUP Clinical Classification Software (CCS) codes, which aggregate ICD-9 diagnosis codes into clinically meaningful groups. Encounter records were included if they contained any-listed CCS code of 49 (diabetes without complication) or 50 (diabetes with complication).

The list of V codes included in the analysis is presented in the manuscript in Table 1. It includes almost all codes under the category “persons encountering health services in other circumstances,” excluding only a small number that did not correspond to social risk factors, such as multiparity (code V61.5) and suicidal ideation (code V62.84).

The list of ICD-9 codes considered to determine if patient had a psychiatric diagnosis are displayed in Appendix Table 1.

DIFFERENCE-IN-DIFFERENCE (DID) MODEL
The difference-in-difference model was estimated using logistic regression and the following specification:

Yit=β0 + β1Postt + β2(SIMi x Postt) + β3Xit + β4Yeart + β5Statei + ϵit

in which Y denotes the existence of at least one V code on the encounter record (1) or lack of any V code (0) in encounter i at time t, Postt denotes an indicator variable for the discharge occurring after SIM implementation in October 2013 (1) or before (0), and SIMi x Postt, the parameter of interest, represents the interaction of an indicator of an individual residing in a SIM state (1) or a comparison state (0) with the Postt variable. X is a vector of individual level covariates including age, sex, race/ethnicity, primary payer, psychiatric diagnosis, and admission through the emergency department. Yeart and Statei denote year and state fixed effects, which account for time trends and state-invariant confounders and result in the original SIMi indicator of whether or not an individual resided in a SIM state being dropped from the model due to collinearity. Standard errors were clustered at the hospital level due to observed clustering of encounters within hospitals.

ALTERNATIVE SPECIFICATIONS
Statistical Analyses
First, encounter-level propensity score weights were included in the event that hospitalizations in SIM states differed markedly from hospitalizations in comparison states in relevant covariates. Propensity scores were generated and incorporated by way of a multi-group weighting strategy, which uses multinomial logistic regression to estimate each observation’s probability of being in the treated group in the pre-treatment period.12 Each observation’s weight is then calculated to be proportional to its probability of being in the treated group prior to treatment relative to its probability of being in the treatment and time group it is truly in (i.e., treated group post-treatment, untreated group pre-treatment, or untreated group post-treatment). This strategy is ideal for DID analyses with repeated cross-sections because it accounts for differential changes in group composition over time. Propensity scores were generated using the same individual-level covariates controlled for in the logistic regression model.

Second, a test of the difference in pre-SIM implementation trends in V code use revealed a statistically significant, albeit small, difference, with comparison states increasing code use relatively faster than SIM states during the pre-SIM period. To ensure this difference did not bias the DID results, a continuous interrupted time series (CITS) model was specified. CITS models assess whether a treated group deviates from its pre-period trend in the follow-up period by a greater or lesser amount than the comparison group deviates from its pre-period trend, thereby allowing for non-parallel pre-period trends.13,14

The continuous interrupted time series model was estimated using logistic regression and the following specification14,15:

Yit=β0 + β1Postt + β2(SIMi x Postt) + β3Timet + β4(SIMi x Timet)+ β5(Postt x Timet) + β6(SIMi x Postt x Timet) + β7Xit + β8Statei + ϵit

In which Yit, SIMi, and Postt, take on the same representations as in the DID model. SIMi x Postt, represents the difference in the outcome between SIM states and comparison states immediately following SIM implementation. Timet denotes a continuous quarter-year time trend for the study period, beginning with Quarter 1 of 2010 and ending with Quarter 3 of 2015. SIMi x Timet is an interaction of the SIM residence indicator with this time trend, which represents the difference in slope between SIM and comparison states prior to SIM implementation. The Postt x Timet interaction represents the change in the slope in comparison states following SIM implementation. The triple interaction of SIMi x Postt x Timet is the parameter of interest, corresponding to the difference between SIM and comparison states in the slope after SIM implementation compared to before. X is a vector of the same individual level covariates used in the DID model. Statei denotes a vector of state fixed effects, which account for state-invariant confounders and result in the original SIMi indicator of whether or not an individual resided in a SIM state being dropped from the model due to collinearity. Standard errors were clustered at the hospital level.

Third, it is possible that V code use is dependent on idiosyncratic hospital factors.16 For instance, academic medical centers are more likely to screen for social determinants of health than other hospitals.17 Hospital fixed effects were not possible in the logistic regression model, as rare use of V codes resulted in perfect prediction by certain hospitals and failure of models to converge. To more conservatively account for hospital influences, data were aggregated to the hospital level and modeled using negative binomial regression, assessing the change in the number of encounters with a V code on record per quarter in hospitals in SIM states relative to the change in hospitals in comparison states. This model included an offset of the total number of hospitalizations per quarter and hospital fixed effects.

RESULTS
Differences in covariate means between SIM states and comparison states were generally below suggested thresholds before propensity score weighting,18,19 but weighting resolved some imbalance in racial/ethnic composition (Appendix Table 2). The propensity score weighted model yielded results comparable to those of the original model, although slightly attenuated (AOR=1.23, 95% CI=1.00, 1.51). The CITS model also indicated a significant SIM effect on V code use (AOR=1.08, 95% CI=1.032, 1.127), as did the negative binomial model (IRR=1.34, 95% CI=1.16, 1.55).
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Appendix Table 1. Clinical Classification Software (CCS) Codes for Psychiatric Admission
	CCS code
	Diagnosis category name

	650
	Adjustment disorders

	651
	Anxiety disorders

	652
	Attention-deficit, conduct, and disruptive behavior disorders

	653
	Delirium, dementia, and amnestic and other cognitive disorders

	654
	Developmental disorders

	655
	Disorders usually diagnosed in infancy, childhood, or adolescence

	656
	Impulse control disorders, not otherwise classified

	657
	Mood disorders

	658
	Personality disorders

	659
	Schizophrenia and other psychotic disorders

	660
	Alcohol-related disorders

	661
	Substance-related disorders

	662
	Suicide and intentional self-inflicted injury

	670
	Miscellaneous mental health disorders


Source: Agency for Healthcare Research and Quality Health Care Cost and Utilization Project.



Appendix Table 2. Covariate Balance With Multi-Group Propensity Score Weighting
	Unweighted or weighted
	Standardized difference, SIM states, post-SIM implementation
	Standardized difference, comparison states, pre-SIM implementation
	Standardized difference, comparison states, post-SIM implementation

	Age
	
	
	

	Unweighted
	0.003
	0.116
	0.106

	Weighted
	‒0.004
	0.003
	0.006

	Female
	
	
	

	Unweighted
	0.023
	‒0.015
	0.005

	Weighted
	‒0.000
	‒0.001
	0.002

	White
	
	
	

	Unweighted
	0.037
	0.471
	0.517

	Weighted
	‒0.001
	‒0.000
	‒0.001

	Black
	
	
	

	Unweighted
	0.012
	‒0.355
	‒0.365

	Weighted
	0.004
	‒0.000
	‒0.001

	Hispanic
	
	
	

	Unweighted
	‒0.085
	‒0.227
	‒0.247

	Weighted
	‒0.002
	0.001
	0.002

	Asian or Pacific Islander
	
	

	Unweighted
	‒0.020
	‒0.012
	‒0.046

	Weighted
	‒0.001
	0.001
	‒0.001

	Native American
	
	
	

	Unweighted
	0.035
	‒0.115
	‒0.130

	Weighted
	‒0.001
	‒0.000
	0.001

	Other
	
	
	

	Unweighted
	0.028
	‒0.018
	‒0.045

	Weighted
	0.002
	‒0.000
	0.003

	Medicare
	
	
	

	Unweighted
	0.014
	0.114
	0.107

	Weighted
	‒0.000
	0.004
	0.004

	Medicaid
	
	
	

	Unweighted
	‒0.082
	‒0.007
	‒0.071

	Weighted
	‒0.000
	‒0.004
	‒0.005

	Private insurance
	
	
	

	Unweighted
	0.004
	‒0.046
	‒0.027

	Weighted
	‒0.002
	‒0.001
	0.001

	Self-pay
	
	
	

	Unweighted
	0.099
	‒0.183
	‒0.092

	Weighted
	0.002
	0.000
	‒0.000

	No charge
	
	
	

	Unweighted
	0.054
	‒0.028
	‒0.089

	Weighted
	0.002
	0.000
	0.001

	Other
	
	
	

	Unweighted
	0.009
	0.022
	0.027

	Weighted
	0.003
	‒0.001
	‒0.006

	Psychiatric admission
	
	

	Unweighted
	‒0.013
	0.070
	0.069

	Weighted
	0.001
	0.000
	0.000

	Emergency department admission
	
	

	Unweighted
	‒0.040
	‒0.041
	‒0.163

	Weighted
	0.002
	‒0.003
	0.003


Note: Standardized differences in means are in reference to means of SIM states, pre-SIM implementation.

Source: Agency for Healthcare Research and Quality Health Care Cost and Utilization Project (HCUP) State Inpatient Databases 2010‒2015.

SIM, State Innovation Models.


