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Appendix—Methods
A-M1: Choice of states
To account for the heterogeneity in demographic, epidemiological, and economic characteristics between states and state Medicaid programs and to present compact evidence digestible for scientists and policy makers, we choose to present state-specific analyses for eight states and aggregated results over the eight states. The selection and choice of the eight states was guided by a) the size of the state Medicaid population, b) the proportion of beneficiaries under a fee for service schedule, and c) the regional and demographic heterogeneity. For the Northeast we selected New York and Connecticut, for the Midwest Iowa and Illinois, for the West California and for the South Alabama, Florida, and Oklahoma. These eight states represented around 50% of the Medicaid adult population in 2012 [1]. Until 2018, five of the selected states expanded Medicaid with the Affordable Care Act and three did not. 
A-M2: Size of the target population
We estimated the number of people eligible for a Medicaid DPP by multiplying the number of eligible Medicaid beneficiaries (“formal” eligibility) with the proportion of them being at high risk for diabetes (“clinical” eligibility).     
“Formal” eligibility: We restricted our analyses to non-disabled Medicaid beneficiaries aged 19–64 years with full benefits. The reasons for this selection are, first, that there is no compelling evidence on the program’s feasibility and effectiveness in the disabled population and, second, that most dually eligible beneficiaries will be eligible for DPPs through the Medicare DPP. 
Number of “formal” eligible people: In the literature, we found no single source that describes the size of the Medicaid population by eligibility status after the Medicaid expansion (ME) in 2014. To calculate the number of non-disability-based, full-benefit adult beneficiaries (i.e., those “legally” eligible) after the Medicaid expansion, we therefore combined data from the Medicaid and Medicare State Fact Sheets (MACs) 2013 and data from the Kaiser Family Foundation (KFF) [2, 3]. The MACs provide data on the portion of non-disabled adults with full benefits in the year 2013, on average 18%. The KFF provides data on the absolute numbers of people who gained Medicaid coverage since the Medicaid expansion differentiated between those who were eligible before (constant adult group) and those who became eligible through the ME (new adult group). To calculate the 2016 numbers by eligibility status for Medicaid expansion states, we assumed that 100% of the new adult group and 18% of the constant adult group (pre-Medicaid expansion proportion) belong to the group of non-disability-based, full-benefit adults. For non-extension states, we assumed that the number of formally eligible beneficiaries remained constant at the 2013 level. We further assumed that no substantial changes occurred between 2016 and 2018. Numbers are illustrated in A-M2-Table 1. 
“Clinical” eligibility: We assume that beneficiaries are clinically eligible if they fulfill the criteria of the Medicare DPP, i.e., if they have a BMI>25kg/m2 and a laboratory result of either HbA1c≥5.7% or a fasting plasma glucose level ≥110 mg/dl [4]. 
Number of “legal & clinical” eligible people: As no single data source provides an answer to the characteristics of non-disabled, full-benefit adults with prediabetes, we combined CMS Medicaid claims files from the eight selected states and data from the NHANES waves 2006–2016. We first extracted the proportion of the age, sex, and race/ethnicity specific population strata of non-diabetic, non-disabled, full-benefit adults aged 19–64 years from the Medicaid claims files for the years 2008–2012. In a next step, we restricted the 2006-2016 NHANES sample to people with a family income below 138% federal poverty level or who are insured under Medicaid but do not have a physical or mental disability that prevents them from working, as these individuals are most likely to be similar to the non-disabled Medicaid population. To assure that the NHANES data set mimics the age-, sex- and race/ethnicity- specific population structure of the Medicaid claims data set we then applied inverse probability weighting of the observations in the NHANES data set according to their observed frequency in the Medicaid claims data set. From this weighted dataset, we estimated a) the prevalence of people eligible for the LCI (those with a BMI>25kg/m2 and either a FPG>110mg/dl or an HbA1c>5.7%), b) the size of the age, sex, race/ethnicity, blood pressure and lipid specific cohorts of eligible people, c) the overall and strata-specific mean clinical values (BMI, blood pressure, and cholesterol) of eligible people, and d) the overall and strata-specific prevalence of complications of eligible people. 
We finally multiplied the number of “legal” eligible beneficiaries by the state-specific prevalence of prediabetes to obtain the absolute number of “legal and “clinical” eligible beneficiaries. 
Limitations: The matching between Medicaid claims data and NHANES data based on the factors age, sex, and race/ethnicity and income/insurance status might be imperfect. Furthermore, we used Medicaid characteristics for the years 2008–2012 and assumed that the characteristics remained constant until 2018 although the characteristics of the Medicaid population might have changed slightly with the Medicaid expansion in 2014 in expansion states. However, it is unlikely that this imprecision significantly biased the prevalence estimate of beneficiaries with prediabetes. 
A-M2-Table 1
	Estimated number (in thousands) of Medicaid beneficiaries formally eligible* for lifestyle intervention 
	
	

	 
	2013 (pre Medicaid expansion)
	 
	2016 (post Medicaid expansion)
	
	

	 
	Total
	Total, full benefit
	Total, full benefit adult
	“Legal” eligible *
	Medicaid expansion
	Total
	Total, new
	Adult group, new
	Rest group, 
new
	“Legal” eligible*
	Proportion at increased diabetes risk
	“Legal & clinical” eligible**

	USA (50 states)
	59,480a
	52,005a
	15,311a
	10,891a
	–
	76,132d
	16,652 d
	– d
	– d
	23,788 d
	
	

	Expansion states
	38,876a
	33,878a
	11,919a
	8,477a
	yes
	53,485 d
	15,143 d
	11,946 d
	3,264 d
	21,135 d
	
	

	Non-expansion states
	20,604a
	18,127a
	3,392a
	2,414a
	no
	22,647 d
	2,043 d
	– d
	– d
	2,653 d
	
	

	USA (8 study states)
	23,445a
	19,542a
	7,987a
	5,142a
	–
	29,698 d
	6,253 d
	4,963 d
	1,845 d
	10,509 d
	0.17
	1,871

	Alabama
	9682b
	728 b
	165 b
	39 b
	no
	1,050c
	82 c
	– c
	– c
	42 c
	0.17
	7

	California
	9,307 b
	6,761 b
	3,907 b
	1,599 b
	yes
	13,190 c
	3,674 c
	3,674 c
	0 c
	5,273 c
	0.17
	902

	Connecticut
	731 b
	649 b
	257 b
	255 b
	yes
	863 c
	217 c
	202 c
	15 c
	462 c
	0.18
	83

	Florida
	3,386 b
	2,909 b
	581 b
	478 b
	no
	4,036 c
	650 c
	– c
	– c
	570 c
	0.18
	104

	Iowa
	516 b
	458 b
	157 b
	119 b
	yes
	595 c
	150 c
	13 9 c
	0 c
	258 c
	0.16
	41

	Illinois
	2,677 b
	2,555 b
	746 b
	666 b
	yes
	2,944 c
	690 c
	662 c
	648 c
	1,489 c
	0.19
	287

	New York
	5,115 b
	4,821 b
	2,010 b
	1,885 b
	yes
	6,317 c
	2,071 c
	286 c
	274 c
	2,271 c
	0.19
	429

	Oklahoma
	745 b
	661 b
	164 b
	101 b
	no
	703 c
	–42 c
	– c
	– c
	95 c
	0.19
	18

	a) taken from https://www.macpac.gov/wp-content/uploads/2015/12/MACStats-Medicaid-CHIP-Data-Book-December-2017.pdf 
	
	

	b) calculated from https://www.macpac.gov/wp-content/uploads/2015/12/MACStats-Medicaid-CHIP-Data-Book-December-2017.pdf 
	
	

	c) taken from https://www.kff.org/health-reform/state-indicator/medicaid-expansion-enrollment/?currentTimeframe=0&sortModel=%7B%22colId%22:%22Location%22,%22sort%22:%22asc%22%7D 
	
	

	d) calculated from https://www.kff.org/health-reform/state-indicator/medicaid-expansion-enrollment/?currentTimeframe=0&sortModel=%7B%22colId%22:%22Location%22,%22sort%22:%22asc%22%7D 
	
	

	* Non-disability-based, full-benefit, adult beneficiaries aged 19–64 years.** Non-disability-based, full-benefit, adult beneficiaries aged 19–64 years at increased risk for diabetes 
	
	




A-M3: Decision analytic model 
Diabetes module: The diabetes progression module models how type 2 diabetes progresses along five disease complication paths (see Figure 1.1–1.5). Each stage along the five paths is associated with a distinct set of costs for treatment and complications; the model allows us to aggregate these costs over the course of a patient’s lifetime. The model calculates the incremental costs and outcomes, measured in quality-adjusted life years (QALYs), associated with each intervention relative to baseline treatment. The resulting incremental cost-effectiveness ratios (ICERs) can be compared across interventions to help policy makers decide on treatment strategies for patients with type 2 diabetes. It employs a Markov model structure to simulate disease progression for patient cohorts and allows interdependencies between different diabetes progression paths to provide a richer description of disease progression. For example, people with microalbuminuria develop hypertension and those with hypertension are allowed to develop nephropathy and retinopathy complications more quickly than those without hypertension. The key transition probabilities and intervention effects in the model are based on data from patients with type 2 diabetes in the United Kingdom Prospective Diabetes Study (UKPDS) [5, 6], on the risk equations of the American College of Cardiology/American Heart Association (ACC/AHA) [7], and official death statistics.
Prediabetes/DPP module: The prediabetes/DPP module follows individuals from the time of diagnosis of prediabetes to diagnosis of diabetes or death, whichever comes first. Patients receive either routine care or the DPP interventions that reduce the risk of diabetes incidence and/or the level of cardiovascular risk factors. People with prediabetes may already have some complications at diagnosis of prediabetes and may also experience coronary heart disease (CHD), stroke, early stages of nephropathy and neuropathy, or death while in the prediabetes phase. They may also develop high blood pressure, high cholesterol, or diabetes. Most of the model’s disease progression parameters are based on data from patients in the DPP study.
Validity and application of the model: The model has been validated against the results of large longitudinal studies/trials [8] showing that it has a good calibration in predicting the incidence of complications. Owing to its external validity and flexibility, it has been used successfully for economic evaluations of various prevention and treatment strategies in clinical and non-clinical settings [9-11].
Limitations: Recent studies have shown that the UKPDS and ACC/AHA risk equations are likely to overpredict the incidence of cardiovascular complications in today’s populations. However, sensitivity analyses in which we changed the baseline risk factor levels, which in turn affect the incidence of complications, only marginally impacted our results. 
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A-M4: Population characteristics
The CDC-RTI model requires the size and the joint distribution of the prediabetic population in terms of their age (25–34, 35–44, 45–54, 55–64 years (for simplicity, we grouped the beneficiaries aged 19–24 years into the 25–34 age group)), sex (male, female), ethnicity (white, African American, Hispanic, Asian, native American), smoking (yes/no), hypertension (BP>140/80mm/Hg or diagnosis/medication; yes/no), and high cholesterol (total cholesterol>100mg/dl; yes/no), which divides the population into 140 distinct cohorts. The model also requires the mean blood pressure, cholesterol level, and the prevalence of the disease conditions nephropathy (microalbuminuria, nephropathy), neuropathy (peripheral neuropathy, lower extremity amputation), CHD (angina, myocardial infarction, congestive heart failure), and stroke.
As no single data source provides an answer to the characteristics of non-disabled, full-benefit adults with prediabetes, we combined CMS Medicaid claims files from the eight selected states and data from the NHANES waves 2006–2016. We first extracted the proportion of the age, sex, and race/ethnicity specific population strata of non-diabetic, non-disabled, full-benefit adults aged 19–64 years from the Medicaid claims files for the years 2008–2012. In a next step, we restricted the 2006-2016 NHANES sample to people with a family income below 138% federal poverty level or who are insured under Medicaid but do not have a physical or mental disability that prevents them from working, as these individuals are most likely to be similar to the non-disabled Medicaid population. To assure that the NHANES data set mimics the age-, sex- and race/ethnicity- specific population structure of the Medicaid claims data set we then applied inverse probability weighting of the observations in the NHANES data set according to their observed frequency in the Medicaid claims data set. From this weighted dataset, we estimated a) the prevalence of people eligible for the LCI (those with a BMI>25kg/m2 and either a FPG>110mg/dl or an HbA1c>5.7%), b) the size of the age, sex, race/ethnicity, blood pressure and lipid specific cohorts of eligible people, c) the overall and strata-specific mean clinical values (BMI, blood pressure, and cholesterol) of eligible people, and d) the overall and strata-specific prevalence of complications of eligible people. The characteristics of these (state-specific) cohorts that entered the simulation model are depicted in A-M4-Table 1–2.
Limitations: The matching between Medicaid claims data and NHANES data based on the factors age, sex, and race/ethnicity and income/insurance status might be imperfect. Furthermore, we used Medicaid characteristics for the years 2008–2012, and the characteristics of the Medicaid population might have changed slightly with the Medicaid expansion in 2014 in expansion states. However, it is unlikely that this imprecision significantly biased the composition of the estimated clinical characteristics. Furthermore, sensitivity analyses showed that the results of the modeling scenarios were insensitive toward changes in the underlying population characteristics. 






A-M4-Table 1
	Characteristics of Medicaid beneficiaries with prediabetes by state

	 
	 
	Average of 
eight states
	AL
	CA
	CT
	FL
	IA
	IL
	NY
	OK

	Age (years)
	19–35
	46.2
	71.6
	48.3
	37.5
	62.0
	42.9
	51.2
	36.1
	45.4

	
	35–45
	20.5
	16.7
	20.3
	24.1
	21.1
	20.6
	23.9
	17.9
	20.2

	
	45–55
	23.1
	9.2
	23.4
	27.9
	14.3
	22.6
	20.0
	26.0
	23.0

	
	55–65
	10.2
	2.6
	8.0
	10.4
	2.6
	13.9
	4.9
	20.0
	11.4

	Sex
	Female
	61.0
	72.5
	60.4
	57.1
	64.4
	61.3
	67.6
	57.6
	61.0

	
	Male
	39.0
	27.5
	39.6
	42.9
	35.6
	38.7
	32.4
	42.4
	39.1

	Race
	White
	23.2
	30.9
	16.8
	37.7
	24.3
	71.0
	34.3
	21.2
	24.3

	
	Black
	26.8
	66.6
	17.1
	29.6
	46.6
	19.6
	42.2
	31.5
	29.7

	
	Hispanic
	40.6
	2.0
	55.0
	30.0
	28.3
	6.7
	20.9
	32.4
	36.5

	
	Asian and other
	9.5
	0.5
	11.1
	2.6
	0.8
	2.7
	2.7
	14.9
	9.6

	Hypertension 
	No
	72.2
	71.7
	75.0
	66.2
	77.1
	75.7
	72.2
	66.1
	71.1

	
	Yes
	27.8
	28.3
	25.0
	33.8
	22.9
	24.3
	27.8
	33.9
	28.9

	High cholesterol
	No
	51.0
	56.8
	50.1
	51.0
	54.2
	54.8
	54.0
	49.8
	51.2

	
	Yes
	49.0
	43.2
	49.9
	49.0
	45.8
	45.3
	46.0
	50.2
	48.8

	Kidney disease
	Normal 
	91.4
	94.1
	91.2
	91.8
	93.3
	92.9
	92.9
	90.3
	91.4

	
	Microalbuminuria
	6.2
	5.3
	6.1
	5.8
	5.2
	6.1
	5.6
	7.4
	6.4

	
	Nephropathy
	1.8
	0.4
	2.2
	1.9
	1.3
	0.8
	1.3
	1.4
	1.6

	
	ESRD
	0.6
	0.2
	0.6
	0.6
	0.3
	0.2
	0.3
	0.9
	0.6

	CHD
	Normal 
	96.4
	95.6
	97.0
	95.2
	96.7
	94.2
	95.5
	96.0
	96.2

	
	Angina
	2.0
	2.5
	1.7
	2.7
	1.7
	2.4
	2.3
	2.5
	2.1

	
	MI
	1.2
	1.7
	1.0
	1.6
	1.3
	3.0
	1.8
	1.1
	1.3

	
	CHF
	0.4
	0.2
	0.3
	0.5
	0.3
	0.5
	0.5
	0.5
	0.4

	Stroke
	No
	98.5
	98.2
	98.8
	98.0
	98.6
	97.2
	98.1
	98.3
	98.4

	
	Yes
	1.5
	1.8
	1.2
	2.0
	1.5
	2.8
	1.9
	1.7
	1.6

	Total: average over eight states. AL, Alabama; CA, California; CT, Connecticut; FL, Florida; IA, Iowa; IL, Illinois; NY, New York; OK, Oklahoma.




 A-M4-Table 2
	Clinical characteristics of Medicaid beneficiaries with prediabetes (average over eight states)

	 
	Age range (years)
	TOTAL cholesterol (mg/dl)
	HDL- cholesterol (mg/dl)
	Systolic blood pressure (mm/Hg)
	Diastolic blood pressure (mm/Hg)

	Normal

Blood pressure < 140/90mm/Hg
total cholesterol <200mg/dl
	0
	34
	167.6
	42.6
	115.7
	67.8

	
	35
	44
	170.4
	46.2
	115.3
	70.0

	
	45
	54
	173.2
	48.8
	117.5
	70.9

	
	55
	64
	175.0
	48.5
	121.7
	67.5

	
	65
	94
	175.0
	48.5
	121.7
	67.5

	Above normal

Blood pressure ≥ 140/90mm/Hg
total cholesterol ≥200mg/l
	0
	34
	227.5
	45.5
	132.9
	85.8

	
	35
	44
	231.1
	50.5
	132.3
	78.5

	
	45
	54
	226.8
	49.9
	135.3
	77.8

	
	55
	64
	232.0
	52.6
	135.2
	73.2

	
	65
	94
	232.0
	52.6
	135.2
	73.2







A-M5: Diabetes incidence
The model requires an annual transition probability for people moving from prediabetes to diabetes. This parameter is important as previous research has shown that diabetes incidence and with it the number needed is crucial for the cost-effectiveness of diabetes prevention [9]. No published data are available on the diabetes incidence of Medicaid beneficiaries with prediabetes. We therefore combined data from the National Health Interview Survey (NHIS) waves 2013–2016, providing age-, sex-, and ethnicity-specific diagnosed diabetes incidence, the Atherosclerosis Risk in Communities (ARIC) study, providing incidence of diagnosed and undiagnosed diabetes in people aged 45–65 years, and the Coronary Artery Risk Development in Young Adults (CARDIA) study, providing incidence of diagnosed and undiagnosed diabetes incidence [12-14]. The following steps were conducted. 
Step 1: Based on NHIS data, we estimated age-, sex-, and race/ethnicity-specific annual diabetes incidences in the general Medicaid and non-Medicaid population. The NHIS is an annual, cross-sectional, national representative interview survey among the US non-institutionalized population. We pooled data from the NHIS waves 2013–2016 and estimated the age-, sex-, and ethnicity-specific incidence of self-reported (=diagnosed) diabetes stratified for people who were insured or eligible (those<138% FPL) for Medicaid using the reference method used for the CDC national statistics report [15]. In brief, this method uses self-reported information on diagnosis and time of diagnosis of diabetes. Annual incidence is calculated by dividing the number of people who had a diabetes diagnosis in the past 12 months by the number of people at risk (those without an earlier diabetes diagnosis). NHIS survey weights were used to produce reliable estimates. As we know that around one quarter of the prevalent cases are currently undiagnosed, we pragmatically multiplied the incidence in each age, sex and ethnicity strata by 1.25 to roughly infer the total incidence (diagnosed + undiagnosed).
Step 2: We then estimated the diabetes incidence ratio between people with prediabetes and the overall sample in the ARIC and CARDIA studies. Prediabetes in those two studies was defined as having BMI>25kg/m2 and a FPG>107.5mg/dl, as previous studies have shown that the diabetes incidence of having a HbA1c>5.7% lies between the incidence of having a FPG between 100mg/dl and 110mg/dl, and we assume that 50% are identified by HbA1c and 50% by FPG tests. 
ARIC is a prospective epidemiologic study of 15,792 participants aged 45–64 years (55 female, 23% black) from four U.S. communities in Minnesota, Maryland, North Carolina, and Missouri. The first examination of participants (visit 1) took place between 1987 and 1989, with three follow-up visits taking place at approximately 3-year intervals. Diabetes incidence was defined as having fasting glucose measurements (FPG≥126mg/dl), a self-reported diagnosis of diabetes, or medication use in one of the follow-up visits without having one of these criteria at baseline. At baseline, 19% of the 12,822 non-diabetic participants had a BMI>25kg/m2 and FPG>107.5 mg/dl. We calculated the incidence density by dividing the number of observed incident cases by the number of observed person years. Overall 2,429 participants developed diabetes resulting in a diabetes incidence of 18.8 cases/1,000 person years; among people with prediabetes, 1,107 participants developed diabetes resulting in 56.8 cases/1,000 person years. The resulting diabetes incidence ratio between those with pre-diabetes and the overall population was 56.8/18.8=3.0. This ratio was very similar across insurance status (Medicaid vs. not), sex (men vs. women), and race (black vs. white). 
CARDIA is a prospective epidemiologic study of 5,115 participants aged 18–30 years (55% female, 50% black) from four U.S. communities in California, Alabama, Illinois, and Minnesota. The first examination of participants took place between 1985 and 1986. We used data from the baseline and the 2-year, 5-year, 7-year, and 10-year follow-up surveys. Diabetes incidence was defined by fasting glucose measurements (FPG≥126mg/dl), a self-reported diagnosis of diabetes, or medication use without having one of these criteria at baseline. At baseline, 0.6% of the 4,831 non-diabetic participants had a BMI>25kg/m2 and a FPG>107.5mg/dl. Again, the incidence density was calculated by dividing the number of observed incident cases by the number of observed person years. Overall, 250 participants developed diabetes resulting in a diabetes incidence of 5.8 cases/1,000 person years. Among those with prediabetes, eight participants developed diabetes resulting in a diabetes incidence of 33.7 cases per 1,000 person years.  The resulting diabetes incidence ratio between those with pre-diabetes and the overall population was33.7/5.8=5.8.
Step 3: To obtain a good approximation of the annual incidences of prediabetic Medicaid beneficiaries we multiplied the age, sex and ethnicity/race-specific diabetes incidences in the general population (calculated in step 1 from NHIS) with the age-specific incidence ratios of people with prediabetes vs. the general population (calculated in step 2 from CARDIA and ARIC). The resulting incidences are shown in A-M5-Table 1. Finally, we combined those age, sex and ethnicity/race-specific diabetes incidences with the joint distribution of age, sex, and race/ethnicity in people prediabetes (compare A-M4-Table 1) to calculate state- and age-specific incidence rates that were used as input parameters for our modelling scenarios (A-M5-Table 2). 
Limitations: There is no single data source that provides annual diabetes incidences for all the required population substrata. Through the combination of three data sources, it is likely that some of the estimates are imprecise or might be slight over- or underestimations. In our modeling scenarios, we therefore ran sensitivity analyses in which we varied the annual diabetes incidence by ±50%. 

A-M5-Table 1
	Estimated annual diabetes incidence (in %) in Medicaid beneficiaries and the overall population 

	 
	 
	Population with prediabetes 
	General population (without diabetes)

	
	Age range
	19–45 years
	 45–65 years
	 65+ years
	19–45 years
	 45–65 years
	 65+ years

	
	 
	All cases 
	Diagnosed cases
	All cases 
	Diagnosed cases
	All cases 
	Diagnosed cases
	All cases 
	Diagnosed cases
	All cases 
	Diagnosed cases
	All cases 
	Diagnosed cases

	Population with either Medicaid insurance or <138% federal poverty level
	White 
	4.2d
	2.8 c
	6.7c
	5.1 c
	4.7 c
	3.6 c
	0.7b
	0.5a
	2.2 b
	1.7 a
	1.6 b
	1.2 a

	
	Black
	3.1 c
	2.0 c
	9.8 c
	7.4 c
	9.3 c
	7.1 c
	0.5 a
	0.4 a
	3.3 b
	2.5 a
	3.1 b
	2.4 a

	
	Hispanic
	5.4 c
	3.6 c
	10 c
	7.7 c
	6.2 c
	4.7 c
	0.9 a
	0.6 a
	3.4 b
	2.5 a
	2.0 b
	1.6 a

	
	Other
	2.6 c
	1.7 c
	4.4 c
	3.4 c
	7.5 c
	5.7 c
	0.4 a
	0.3 a
	1.5 b
	1.1 a
	2.5 b
	1.9 a

	
	women 
	3.7 c
	2.5 c
	8.4 c
	6.4 c
	5.5 c
	4.2 c
	0.6 a
	0.4 a
	2.8 b
	2.1 a
	1.8 b
	1.4 a

	
	Men 
	4.8 c
	3.2 c
	7.2 c
	5.5 c
	6.6 c
	5.0 c
	0.8 a
	0.6 a
	2.4 b
	1.8 a
	2.2 b
	1.6 a

	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 

	Total population (regardless of insurance status or poverty level)
	White 
	2.4 c
	1.6 c
	3.7 c
	2.8 c
	4.2 c
	3.2 c
	0.4 a
	0.3 a
	1.2 b
	0.9 a
	1.4 b
	1.1 a

	
	Black
	3.2 c
	2.1 c
	6.1 c
	4.7 c
	7.3 c
	5.6 c
	0.6 a
	0.4 a
	2.0 b
	1.5 a
	2.4 b
	1.8 a

	
	Hispanic
	3.6 c
	2.4 c
	6.3 c
	4.8 c
	6.1 c
	4.7 c
	0.6 a
	0.4 a
	2.1 b
	1.6 a
	2.0 b
	1.5 a

	
	Other
	3.0 c
	2.0 c
	4.2 c
	3.2 c
	5.9 c
	4.5 c
	0.5 a
	0.4 a
	1.4 b
	1.1 a
	2.0 b
	1.5 a

	
	Women 
	3.1 c
	2.1 c
	4.2 c
	3.2 c
	4.6 c
	3.5 c
	0.5 a
	0.4 a
	1.4 b
	1.0 a
	1.5 b
	1.2 a

	
	Men 
	2.5 c
	1.7 c
	4.5 c
	3.4 c
	4.8 c
	3.6 c
	0.4 a
	0.3 a
	1.5 b
	1.1 a
	1.6 b
	1.2 a

	a) Estimated directly from NHIS 2015–2016.

	b) Multiplied by the ratio (undiagnosed + diagnosed)/diagnosed cases (estimated from NHANES 2013–2015), ratio=1.32.

	c) Multiplied by the ratio incidence in prediabetes/incidence in total sample (estimated from the ARIC study), ratio=3.01.

	d) Multiplied by the ratio incidence in prediabetes/incidence in total sample (estimated from the CARDIA study), ratio= 5.76.

	Prediabetes: BMI≥kg/m2 and FPG≥110mg/dl or HbA1c≥5.7%; all cases: diagnosed and undiagnosed incident diabetes cases; diagnosed cases: only diagnosed incident diabetes cases.



A-M5-Table 2
	Estimated state-specific annual diagnosed diabetes incidence in Medicaid beneficiaries with prediabetes*

	 
	Age (years)/state
	Average of eight states
	AL
	CA
	CT
	FL
	IA
	IL
	NY
	OK

	Diagnosed
	19–44
	2.6
	2.4
	2.5
	2.5
	2.8
	3.1
	3.0
	2.4
	2.9

	
	45–64
	6.2
	7.3
	5.7
	5.9
	7.5
	6.8
	7.9
	5.8
	7.1

	
	65+
	4.8
	6.3
	4.2
	4.5
	5.9
	5.2
	6.2
	4.8
	5.6

	Total
	19–46
	3.8
	3.6
	3.7
	3.8
	4.2
	4.7
	4.5
	3.6
	4.4

	
	45–65
	8.1
	9.5
	7.5
	7.8
	9.8
	8.8
	10.2
	7.7
	9.3

	
	65+
	6.4
	8.6
	5.5
	6.0
	7.9
	6.7
	8.4
	6.4
	7.4

	* Prediabetes: BMI≥kg/m2 and FPG≥110mg/dl or HbA1c≥5.7%.


A-M6: Effect of lifestyle intervention
The model requires the reduction in incidence that results from the DPP intervention. As people with diabetes have higher treatment costs and are more likely to develop complications, this is a crucial driver of cost-effectiveness. Whereas there is good evidence on the effectiveness of lifestyle intervention in the general population with impaired fasting glucose from the DPP and other translation trials in communities, no randomized controlled trials (RCTs) have been run in Medicaid beneficiaries or low-income people, and therefore the retention, weight loss, and reduction in diabetes incidence is less clear in this population. We approached this problem by combining the observed 12- month weight loss and long-term diabetes incidence reduction from the major trials with the 12-month observational pre–post weight loss data of Medicaid beneficiaries in real-world settings. For this, we synthesized evidence from the original DPP study, systematic reviews, and meta-analyses that analyzed lifestyle interventions for diabetes prevention modeled after the DPP, and observational data from DPP interventions in Medicaid beneficiaries.
In-person programs: 
Initial DPP and DPP-OS: The Diabetes Prevention Program (DPP) trial tested a lifestyle program featuring a low-fat diet and physical activity delivered in 16 core sessions within the first 6 months and monthly follow-up maintenance sessions until 2.8 years in people with IFG and IGT. Weight loss differences after 12 months averaged around 6.5 kg, and diabetes incidence after 2.8 years was reduced by 58%, with no difference in effect across gender or age [16]. A mediation analysis showed that 1 kg of weight loss resulted in a 16% incidence reduction [17]. The DPP-OS, in which blinding was withdrawn and both groups were offered the lifestyle intervention, showed that people started to gradually regain weight after 6–12 months with around 2-kg difference after 7 years and almost no difference after 10 years. Cumulative diabetes incidence was reduced by 34% after 10 years of follow-up [18]. 
Systematic reviews of RCTs: A recent Cochrane review on combined diet and PA lifestyle interventions showed a risk reduction in diabetes incidence of 43% with no difference between trials with a follow-up duration of more or less than 4 years [19]. Another systematic review concentrating on the long-term effect of lifestyle interventions on diabetes risk showed that, after a 7.5-year washout period after intervention termination, diabetes incidence was reduced by 28% [20]. Balk et al. conducted a systematic review for the U.S. Community Preventive Service Task force on the effect of combined diet and PA lifestyle interventions and showed that effects of lifestyle interventions can be expected to be sustained over a 10- or 20-year time horizon. Initial weight loss after 12 months in these studies was around 3 kg. Most of the studies included in these three reviews were conducted in clinical settings with health professionals [21]. 
Systematic review of translational randomized and non-randomized DPP studies: Two reviews by Ali et al. and Mudaliar et al. summarized the evidence of randomized and non-randomized translational studies that were modeled after the DPP. They found that weight loss after 1 year averaged about 3–4 kg and was similar in clinical and non-clinical settings [22, 23]. 
Observational data from the NDPP registry: A pre–post intervention analysis of all DPP participants of CDC-recognized providers showed that people attended on average 14 sessions and lost an average of 4.4 kg of weight [24]. 
Observational data from studies in the Medicaid population: Studies from the Medicaid Incentives for Chronic Disease Prevention showed that average pre–post (6–12 months) DPP weight loss in the incentive and non-incentive groups receiving DPP intervention averaged 3.5lb, i.e., 1.66 kg (4lb in Minnesota, 5.5lb in Montana, 4.5lb in Texas, 2lb in Hawaii, 1lb in New Hampshire, and 4lb in New York) [25]. 
To infer the incidence reduction during active intervention, we multiply the 16% risk reduction per kg weight loss by 1.66 kg, resulting in an incidence reduction of 25%. As it is unlikely that the weight loss will be sustained, we assumed that incidence reduction averages 24% in years 1–2, 12% in years 3–10, and 6% thereafter. We furthermore assumed that the weight loss itself will be sustained only in years 1–2. 
Virtually delivered programs:
Evidence on the effectiveness of virtually delivered programs is weaker than for in-person programs. No long-term trials have analyzed the effectiveness of virtually delivered programs on diabetes incidence; however, several studies have analyzed the effect on short-term (up to 2 years) weight loss. A recent review on technology-assisted interventions for diabetes prevention shows that more than 170 online or combinations of online/in-person programs are pending NDPP-CDC recognition; however, published data on weight loss are available for only a few of these programs [26]. In a small randomized study, a mobile phone-based DPP decreased weight by almost 6 kg compared with the control group at 5 months of follow-up [27]. Observational pre–post evaluation of two other popular online DPP products showed average weight loss between 4.7% and 7.5% at 12 months of follow-up and 6.6% after 24 months [28-30]. Another observational study showed that the observed weight loss in in-person delivered programs and through telehealth delivered programs is about the same [31]. A waiting list trial testing a fully automated algorithm-driven behavioral intervention for diabetes prevention showed a difference in between-group weight change of 2 kg at 6 months of follow-up [32]. 
The relatively weak evidence with a few small randomized or non-randomized studies with potentially limited internal and external validity suggests that retention, weight loss, and with it the impact on incidence can be expected to be at least as favorable as for in-person DPPs. We therefore assume the same incidence reduction of 25% in the first year (active intervention), 12.5% until year 10, and 6.25% thereafter as for the in-person programs.
Limitations: As no randomized data on the effect of DPPs in prediabetic Medicaid beneficiaries are available, we had to extrapolate the expected effect on incidence from various data sources. To account for the uncertainty concerning the effectiveness, we ran various sensitivity analyses in which we changed the expected diabetes incidence reduction by ±50%. 


A-M7: Cost of lifestyle intervention
The model requires a value for the cost of delivering the DPP intervention. To obtain a realistic value, we synthesized the evidence from a recent systematic review on DPP-like interventions and analyzed data from pilot projects in the Medicaid population, as well as current reimbursement practices and prices for commercially marketed virtual options [33]. 
In-person programs: 
Systematic review: We reanalyzed the data from a recent systematic review that reported median costs for delivery of DPPs and extracted mean cost values [33]. Mean delivery cost for translational DPPs were US$274 or US$17 per session for programs taught by trained lay workers (two studies) and US$599 or US$35 per session for programs taught by professionals or a mixed team of professionals and trained lay workers (six studies). 
Studies in the Medicaid population: The Montana “Minnesota Medicaid Diabetes Prevention Program: We Can Prevent Diabetes” study as part of the Medicaid Incentives for Prevention of Chronic Diseases project showed that the delivery of a CDC-recognized DPP including program materials and participation support cost US$755 without an incentive program.
Current reimbursement practices: The current reimbursement scheme for the Medicare DPP is based on a pay for performance system. Maximum payment for delivering the program is US$670 if a 5% weight loss goal is achieved and US$195 if the 5% goal is not achieved [34]. The Montana Medicaid program reimburses US$22 per weekly session in the first 6 months (around US$350 for a 16-session class) and the Minnesota Medicaid state program reimburses US$13.6 for each class in a 12-month period (US$300 for 22 classes). 
Given this range of estimated marginal costs and reimbursement practices between US$300 and US$755 and accounting for the fact that the delivery of the DPPs under the same retention in the Medicaid population might be costlier than in non-Medicaid settings, we conservatively assumed that a Medicaid-adopted version of the DPP could be delivered to Medicaid enrollees at a cost of US$600. 
Virtually delivered programs:
The pricing structure of large providers is somehow not transparent. Given the limited evidence, we assume that the cost will also average US$600. However, as economics of scale are more likely to apply to virtual products and as products such as fully automated algorithm-driven programs might be disruptive for markets, we acknowledge the likelihood that costs for these programs might decrease substantially in the long term. 
Limitations: As the price of the programs is a non-fixed, uncertain variable, we first ran various sensitivity analyses in which we changed the one-time program costs by ±50%.



A-M8: Cost of recruitment and referral
Identification of patients with prediabetes is essential and might be an additional cost factor in implementing this high-risk prevention strategy in state Medicaid programs. To obtain a realistic estimate on current screening reality, we analyzed data from the 2016 NHIS. This survey contains a question about the last time participants received a blood test for diabetes. We restricted the data set to people aged 19–64 years, who were insured under Medicaid and had a BMI>25kg/m2 (our target population), and estimated the percentage of people who indicated that they had a blood test for diabetes or prediabetes in the last year. Of the 1,917 participants who fulfilled these criteria, 54% had received a blood test in the last year. As this number shows that most of the beneficiaries with prediabetes are expected to be identified in a timely manner after the onset of prediabetes, no additional screening program is needed to initiate a DPP in this population. However, it can be expected that it requires some effort to encourage people to enroll and start a DPP. To obtain a realistic estimate on the potential participation given a prediabetes diagnosis, we analyzed data from the 2016 NHIS, which contains the questions a) if people have ever been told that they had prediabetes and b) if they had taken a 1-year class for diabetes prevention and, if not, if they were interested in beginning a year-long program to prevent diabetes. We restricted the data set to people aged 19–64 years, who were insured under Medicaid, had a BMI>25kg/m2, and had been told they had prediabetes. From this subpopulation, we then estimated the proportion of people who had already participated in a prevention program or would be interested in beginning such a program. Of these, 2% indicated that they had participated in such a program and 35% indicated that they would be very or somewhat interested in the program. If we assume that around half of the 35% who are interested will start the program, around 20% of beneficiaries with prediabetes will eventually start the program. And given that every consultation and referral takes around 10 minutes and costs US$40, the recruitment and referral cost per DPP participant is around US$200. 
In the Medicaid demonstration projects in Oregon and Maryland, various strategies were applied to raise awareness and to recruit participants [35, 36]. Applied practices included outreach campaigns targeted at beneficiaries and providers. We did not factor in costs associated with these activities, because we assume these are one-time costs and, as soon as DPPs are introduced as a regular treatment option into the Medicaid schedule, costs for referral in real practice will only apply at the provider/physician level. 
Limitations: Although based on the best available data concerning the motivation for program participation in our target population, the real-world uptake and with it the real-world cost of recruitment and referral in the Medicaid population is highly uncertain. Again, we therefore ran sensitivity analyses in which we varied the cost of recruitment and referral by ±50%. 



A-M9: Medical costs associated with prediabetes, diabetes, and its complications
Each disease state in the model is associated with a cost value. With the “multiplicative option”, the simulation model calculates the annual medical cost from the product of a base-cost value for a person without complications times several multipliers associated with demographic variables and diabetes-related factors (i.e., direct medical costs for an individual = baseline cost * demographic multiplier * complications multiplier * treatment multiplier) [37].
To obtain reliable and real-world data on the cost multipliers for diabetes treatment and diabetic complications in the Medicaid population, we used CMS Medicaid claims data (Medicaid Analytic eXtract (MAX) files) from the eight study states. For our analyses, we included non-disabled, full-benefit adults aged 19–64 years who were on a fee for service schedule and continuously enrolled for one calendar year between 2008 and 2012. To avoid bias, we further excluded pregnant women and those in long-term care facilities. Based on ICD-9 codes and medication data, we defined diabetes status (no diabetes, diabetes, insulin-treated diabetes; diabetes was defined as a diagnosis for at least one inpatient claim or two outpatient claims 30 days apart and for those who had no IC-9-CM code: 250x, 357.2x, 362.0x, 366.41; insulin treated was defined by prescription of any kind of insulin medication), hypertension (yes, no), the status for the complications nephropathy (none, nephropathy, ESRD), neuropathy (none, neuropathy, LEA), retinopathy (none, non-proliferative, proliferative), CHD (none, angina, heart failure, acute myocardial infarction), and stroke (none, stroke), and the status of the comorbidities liver disease, hemiplegia, chronic pulmonary disease, peptic ulcer disease, metastatic tumor, and AIDS. Total costs were calculated from the sum of inpatient, outpatient, and drug costs. Based on the study by Brandle et al., we then regressed total costs on the variables defining treatment, complications, comorbidities, and demographics (sex and race/ethnicity), using a generalized mixed model with a gamma distribution and a log link [37]. The model can be denoted as follows: .
The intercept (α) of this model describes the median annual costs for a white male person without hypertension and without any diabetic complications or comorbidities. The multiplication of the intercept with the exponentiated estimate for non-insulin-treated diabetes describes the median annual costs for a white male person with non-insulin-treated diabetes without hypertension and without any complication or comorbidity. The exponentiated estimates for complications represent the additional costs for complications and comorbidities, i.e., to obtain costs for a white male non-diabetic person with hypertension and without any diabetic complication or comorbidity, one needs to multiply the intercept by the cost multiplier for hypertension. As non-diabetic comorbidities (liver disease, hemiplegia, chronic pulmonary disease, peptic ulcer disease, metastatic tumor, and AIDS) are not handled by the simulation model, we used the comorbidity prevalence and comorbidity multipliers to adjust the intercept, i.e., the resulting “intercept” of our models describes the annual cost for a white, male non-diabetic person without hypertension or diabetic complications but with an average comorbidity structure. As we cannot distinguish in our data set between people with and without prediabetes and as it is known that health care costs are already elevated before the onset of diabetes, we assumed that the annual health care costs of a person with prediabetes lies exactly between the costs of a person without diabetes and a person with non-insulin-treated diabetes. The resulting intercepts and cost multipliers for conditions handled by the simulation model are shown in A-M9 Table 1. The model handles diabetes treatment as an independent multiplier and requires the distribution of medication over time. As we do not have diabetes duration in the Medicaid claims data, we estimated the distribution of diabetes medication using data from non-disabled adults aged 19–64 years insured under Medicaid from NHANES waves 2006–2016. The resulting distribution is shown in A-M9 Table 2. 
Limitations: The real “causal” costs of treating diabetes given covariates are unknown. The detailed calculation of costs attributable to treatment of diabetes would require rich longitudinal data capturing the time before and after the onset of diabetes for a prediabetic cohort. This was not possible in the given analysis framework. However, applying the resulting intercepts and multipliers in our model yields average cost savings of about US$2,500 per prevented diabetes case per year. Khan et al. recently estimated, based on a longitudinal data set of privately insured patients, that the potential annual savings of preventing a person moving from prediabetes to diabetes averages around US$2,700 [38]. Another study by Shrestha et al., based on the longitudinal data of privately insured patients, showed that the potential annual savings of preventing a person from moving to diabetes averages around US$2,300 [39]. Our estimate comes close to these values. In addition, the chosen approach fully captures the heterogeneity in the costs of caring for diabetes and its complications between the states. To account for the uncertainty around our cost estimates, we ran sensitivity analyses in which we varied the intercept by ±50%. 
A-M9 Table 1
	Cost parameters estimated from Medicaid claims data from eight states

	States
	Average of eight states
	AL
	CA
	CT
	FL
	IA
	IL
	NY
	OK

	No diabetes
=exp(intercept) [US$]
	4,043.6
	4,266
	3,411
	5,348
	3,244
	3,152
	2,422
	6,437
	5,030

	Prediabetes
=exp(intercept+ ((Betadiabetes–non–insulin +intercept)/2)) [US$]
	5,489.7
	5,009
	4,758
	6,527
	4,161
	5,764
	3,274
	8,596
	5,809

	Intercept diabetes
=exp(intercept+Betadiabetes–non–insulin) [US$]
	6,935.8
	5,752
	6,105
	7,706
	5,079
	8,376
	4,126
	10,756
	6,588

	Multiplier
	0.0
	
	
	
	
	
	
	
	

	Female
	1.0
	0.89
	0.83
	0.99
	0.70
	0.64
	0.83
	1.49
	0.75

	White
	1.0
	1.00
	1.00
	1.00
	1.00
	1.00
	1.00
	1.00
	1.00

	African American
	0.8
	0.62
	0.77
	0.65
	0.70
	0.71
	0.79
	1.06
	0.74

	Hispanic
	0.8
	0.74
	0.64
	0.74
	0.87
	0.84
	0.74
	1.21
	0.83

	Asian and other
	0.7
	0.99
	0.59
	0.54
	0.76
	0.78
	0.71
	1.04
	0.92

	Insulin treatment
	1.3
	1.28
	1.40
	1.22
	1.39
	0.94
	1.34
	0.90
	1.28

	Nephropathy
	3.0
	2.04
	3.44
	2.17
	2.31
	3.85
	3.33
	2.11
	2.44

	ESRD with dialysis
	7.5
	3.90
	9.69
	4.05
	6.36
	6.41
	8.60
	3.12
	6.70

	Stroke
	3.0
	1.80
	3.26
	2.10
	2.34
	3.77
	3.64
	2.38
	2.25

	Angina
	1.9
	1.35
	1.79
	1.75
	1.71
	3.37
	1.85
	1.97
	1.66

	Myocardial infarction
	3.1
	1.80
	3.64
	2.14
	2.19
	6.56
	3.00
	2.30
	2.80

	Congestive heart failure
	2.7
	1.82
	2.94
	2.00
	2.16
	5.17
	2.79
	2.40
	2.08

	Peripheral vascular disease
	1.8
	1.40
	1.86
	1.55
	1.46
	3.57
	1.96
	1.67
	1.60

	Hypertension (treated)
	2.2
	1.62
	2.46
	1.84
	1.90
	3.40
	2.13
	1.72
	1.72

	Sample non-diabetes (n)
	1,811,244
	48,895
	48,895
	48,895
	48,895
	48,895
	48,895
	48,895
	48,895

	Sample diabetes (n)
	70,678
	2,207
	2,207
	2,207
	2,207
	2,207
	2,207
	2,207
	2,207

	Sample total (n)
	1,881,922
	51,102
	51,102
	51,102
	51,102
	51,102
	51,102
	51,102
	51,102



A-M9 Table 2
	Distribution of diabetes medication with diabetes duration

	Years since diagnosis
	0–1
	2–3
	4–5
	6–7
	8–9
	10–11
	≥12

	% lifestyle
	49.2
	33.8
	37.8
	31.9
	27.5
	21
	22.5

	% oral anti-diabetics
	41
	47.5
	48.7
	44.7
	37.5
	33.9
	23.9

	% insulin 
	9.8
	18.8
	13.5
	23.4
	35
	45.2
	53.7





A-M10: Quality of life decrements associated 
Each disease state in the model is associated with a quality of life (QoL) value. Based on the quality of life and the length of life, the model is calculating quality-adjusted life years (QALYs). Under the “additive” QoL option, the simulation model assumes highest QoL for a reference person without any complications and QoL decrements for each complication that is accumulated in an additive manner.
We estimated the impact of complications on QoL for the Medicaid population using combined data from the Medical Panel Expenditure Surveys (MEPS) 2008–2016. We restricted the data to a participant’s first year of observation (MEPS is a panel survey that interviews participants in two consecutive years) and to those aged 19–64 years who either indicated they were currently insured under Medicaid or had a family income <138% FPL (n=9,845). We defined diabetes (249, 250), hypertension (401), lipedema (272), chronic heart failure (428), angina (413), MI (410), stroke (43", 431, 432, 433, 434, 436), blindness (369), nephropathy (791, 583), ESRD (585, 586, 587), amputation (V49), and neuropathy/foot ulcer (707, 337, 357, 782) by 3-digit ICD-9 codes. To calculate preference-based QoL scores, necessary to calculate QALYs, we used the mapping algorithm developed by Lawrence and calculated EQ-5D scores from SF-12 mental and physical component summaries [40]. As proposed by Coffey et al., we then applied a linear regression model adjusted for age, sex, ethnicity, poverty, obesity, and smoking [41]. The resulting QoL coefficients are depicted in A-M10-Table 1. We found that the complication-related QoL decrements in Medicaid beneficiaries/people with a family income <138% FPL are lower than the ones in the general diabetes population highlighting the value estimating target population specific QoL decrements. 
A-M10-Table 1
	Quality of life tariff in the Medicaid population

	Condition
	Coefficient

	Diabetes intercept
	0.675

	Prediabetes intercept
	0.717

	Female
	–0.033

	Hypertension
	–0.087

	Blind
	–0.053

	Nephropathy
	–0.071

	End-stage renal disease (ESRD)
	–0.079

	Peripheral neuropathy
	–0.067

	Foot ulcer
	–0.067

	Lower extremity amputation
	–0.061

	History of CA/MI
	–0.030

	Congestive heart failure
	–0.075

	Stroke
	–0.082

	BMI ≥30.0
	–0.040



Limitations: A general limitation of our approach is that we cannot estimate the difference in quality of life between people with prediabetes and diabetes, as MEPS does not have clinical measurements. However, previous research has indicated that the difference in quality of life between people with NGT and those with IFG is marginal [42]. Another limitation is the self-reported nature of the conditions and complications and the restriction to three digits of ICD-9 code. Despite these two minor limitations, we consider the MEPS data to be the best available data to describe the impact of diabetes and its complications on quality of life in the population under investigation. To account for the uncertainty, we ran sensitivity analyses in which we varied the QoL parameters by ±25%. 



A-M11: Sensitivity analyses
[bookmark: _GoBack]Various sources are available to guide the incorporation of uncertainty in simulation studies [43, 44]. Using a predefined Markov simulation model allows us to easily account for the stochastic uncertainty of the used input parameters. However, in the context of our study, no population-specific estimated means or standard errors are available for some of the parameters. This applies for the effect of the intervention, for the diabetes incidence, as well as for the cost of recruitment and the delivery of the DPPs, where we synthesized and combined estimates from various data sources of a different nature. For other parameters, such as the base-costs for diabetes and prediabetes, the cost multipliers, and quality of life decrements for complications, we could technically use the standard errors from the estimated regression models to capture the stochastic uncertainty around these estimates. However, as the sample size is large, the resulting standard errors are small, and using those standard errors as a measure of uncertainty would probably vastly underestimate the true total uncertainty. The reason for that is that the stochastic uncertainty of those estimates does not capture the structural uncertainty, i.e., if the complication cost multiplier really represents a causal effect or is somehow a confounded and therefore systematically biased estimate. To account for this possibility, we conservatively assumed that each relevant parameter (costs and effect of the intervention, background incidence of diabetes, costs of treating diabetes and complications, quality of life decrements associated with diabetes and complications, and the discount rate for costs and QALYs) might lie in a band of ±50% of its default value following a uniform distribution for each parameter. We run 250 iterations, which is sufficient to reach convergence according to the method described by Hatswell et al [45]. In the univariate sensitivity analyses, we varied each crucial input parameter independently to the maximal border of this distribution. 

A-M12: Details on the return on investment and budgetary impact analyses
For the cost impact analyses, we take a narrow Medicaid perspective and analyze the return on investment of a DPP participation from year 1 to year 25. Although we are aware that the Medicaid perspective differs in more aspects from the general health care system perspective then only the time people are insured under Medicaid, we think that this factor has the largest impact on expected return on investment.  In this analysis, we therefore account for the fact that beneficiaries are generally not eligible for Medicaid beyond age 64 years and are not continuously insured under Medicaid. Whereas the first constraint can be modeled straightforwardly, the second requires some additional assumptions on the expected crunch/turnover of the population over time. 
Given that, each year, around 15% of non-elderly adults are enrolled in Medicaid, in theory, the average time a person is insured under Medicaid ranges between 15% (assuming the maximal turnover) and 100% (assuming no turnover at all). A report by Ku and Steinmetz estimated  the Medicaid “continuity ratio”, which measures the percentage of a fiscal year in which beneficiaries are enrolled [46]. In 2011, beneficiaries were enrolled for 0.72% or 8.6 months of a fiscal year. We therefore simply assumed in the default analysis that, after receiving the lifestyle intervention, people will be insured under Medicaid for 72% of the time until they turn 65 years. However, we acknowledge that the long-term turnover and continuity ratio is unknown, crucially depends on future policy making, and will be highly state specific. We therefore varied this parameter in our sensitivity analyses from 60% to 80%.

A-M13: Details on the health impact and health disparity analyses
To estimate the population-level effect of a Medicaid DPP and its impact on health disparities, one needs the cumulative diabetes incidence of the general adult population and the participating Medicaid population, the size of population strata, the size of the Medicaid cohort that participates in the program, and the DPP-related diabetes incidence reduction. The methods and sources for estimating strata-specific annual diabetes incidence in the prediabetic Medicaid population and the general U.S. population are described in A-M5. Demographic information on the general U.S. population was taken from the Kaiser Family Foundation [47]. Demographic information on the non-disability-based adult Medicaid population was estimated by combining NHANES and Medicaid claims data (compare AM-4). We assumed that 100% of the non-disabled adult Medicaid beneficiaries have a family income <138% FPL, although this is probably a simplifying assumption. The prevalence of US adults aged 19-64 with a family income <138% FPL in the general population was estimated from NHANES data. For simplicity reasons, we took assumption that this prevalence is the same in all eight study states (see A-M13-Table 1). In our default analyses, we assumed that 20% of eligible non-disability-based adult Medicaid beneficiaries participated in a DPP and that the incidence reduction that results from DPP participation is the same as described in A-M6. 
Based on these data, we then used the CDC-RTI model and simulated the cumulative diabetes incidence in the race/ethnicity (white, black, Hispanic, other) and income strata (>138% FPL, <138% FPL) of non-disability-based adult beneficiaries and of the general non-diabetic population. This simulation was done once with and without the Medicaid DPP intervention at 20% uptake. Finally, we combined the strata-specific incidences with the strata-specific population sizes and calculated the relative narrowing of the difference in the cumulative diabetes incidence between white and black, white and Hispanic, and of people below and above 140% FPL. 
A-M13-Table 1
	Population size and characteristics of the general adult population without diabetes aged 19–64 years 1

	 
	Eight states
	AL
	CA
	CT
	FL
	IA
	IL
	NY
	OK

	Population size
	61.52M
	2.76M
	22.71M
	2.10M
	11.52M
	1.86M
	7.31M
	11.29M
	2.20M

	19–35
	0.37
	0.33
	0.38
	0.35
	0.34
	0.38
	0.36
	0.38
	0.37

	35–45
	0.21
	0.22
	0.21
	0.21
	0.22
	0.19
	0.21
	0.21
	0.21

	45–55
	0.21
	0.22
	0.21
	0.21
	0.22
	0.19
	0.21
	0.21
	0.21

	55–65
	0.21
	0.23
	0.20
	0.23
	0.22
	0.23
	0.21
	0.20
	0.21

	Female
	0.51
	0.52
	0.50
	0.51
	0.52
	0.50
	0.51
	0.52
	0.51

	Male
	0.49
	0.48
	0.50
	0.49
	0.48
	0.50
	0.49
	0.48
	0.49

	White
	0.52
	0.66
	0.38
	0.67
	0.55
	0.86
	0.61
	0.57
	0.52

	Black
	0.11
	0.27
	0.05
	0.10
	0.15
	0.03
	0.14
	0.14
	0.11

	Hispanic
	0.26
	0.04
	0.39
	0.16
	0.26
	0.06
	0.17
	0.18
	0.26

	Asian and other
	0.11
	0.03
	0.18
	0.07
	0.04
	0.05
	0.08
	0.11
	0.11

	≥138% FPL
	0.00
	0.00
	0.00
	0.00
	0.00
	0.00
	0.00
	0.00
	0.00

	<138%FPL
	1.00
	1.00
	1.00
	1.00
	1.00
	1.00
	1.00
	1.00
	1.00

	Population size and characteristics of non-disability-based adult Medicaid beneficiaries with prediabetes 2

	Population size
	1.87M
	0.007M
	0.902M
	0.083M
	0.104M
	0.041M
	0.287M
	0.430M
	0.018M

	19–35
	0.45
	0.72
	0.48
	0.38
	0.62
	0.43
	0.51
	0.36
	0.45

	35–45
	0.20
	0.17
	0.20
	0.24
	0.21
	0.21
	0.24
	0.18
	0.20

	45–55
	0.23
	0.09
	0.23
	0.28
	0.14
	0.23
	0.20
	0.26
	0.23

	55–65
	0.11
	0.03
	0.08
	0.10
	0.03
	0.14
	0.05
	0.20
	0.11

	Female
	0.61
	0.73
	0.60
	0.57
	0.64
	0.61
	0.68
	0.58
	0.61

	Male
	0.39
	0.28
	0.40
	0.43
	0.36
	0.39
	0.32
	0.42
	0.39

	White
	0.24
	0.31
	0.17
	0.38
	0.24
	0.71
	0.34
	0.21
	0.24

	Black
	0.30
	0.67
	0.17
	0.30
	0.47
	0.20
	0.42
	0.31
	0.30

	Hispanic
	0.36
	0.02
	0.55
	0.30
	0.28
	0.07
	0.21
	0.32
	0.36

	Asian and other
	0.10
	0.00
	0.11
	0.03
	0.01
	0.03
	0.03
	0.15
	0.10

	≥138% FPL
	0.75
	0.75
	0.75
	0.75
	0.75
	0.75
	0.75
	0.75
	0.75

	<138%FPL
	0.25
	0.25
	0.25
	0.25
	0.25
	0.25
	0.25
	0.25
	0.25

	1 Data retrieved from the Kaiser Family Foundation. Assumed diabetes prevalence 5%.

	2 Calculated similar to that described in A-M4  Diabetes Incidence; Prediabetes: BMI≥kg/m2 and FPG≥110mg/dl or HbA1c≥5.7%.
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