Online Supplement

Locally-interacting Markov chains

The model simulates not only tuberculosis health states, but the states for six medical risk factors in addition to age group, sex, race, length of time in US, and country of birth for each modelled individual. In a traditional Markov compartmental model, this would have generated more than 30 million compartments, requiring a prohibitive 900 million state transition calculations per cycle. This so-called “state space explosion” normally prevents models from developing a significant level of resolution (E1). To avoid this conundrum, a global transition matrix can be partially decomposed into local matrices. If these matrices interact (such as through functional transition probabilities), they are referred to as locally-interacting Markov chains.

This is the strategy that we implemented within our model. A chain was created for each phenomenon we modelled (TB, HIV, age group, etc). Individuals occupy a single state in each chain. For every cycle, transitions are calculated in a per-person, per-chain approach. Chains are calculated in a random order as to not skew the effect of one chain. To allow for interactions between chains, transition probabilities could be represented as a function of an individual’s states in other chains. This approach has been used previously in the CORE diabetes model (E2).

Technical specifications
The model was encoded using Python (Python Software Foundation, Beaverton, OR) and Go (Google Inc, Mountain View, CA). Go is a fast, compiled, statically-typed language designed for concurrency, and has been used previously in computational biology (E3). To our knowledge, this is the first published use of Go in public health research. The link to our model programming code is openly accessible (https://github.com/alexgoodell/california_tb). Our raw results data set is also currently publicly accessible, at http://34.201.26.231/limcat/hdd/share.


Demographic information 

We modeled only persons 15 years of age or older, who comprise more than 90% of those who develop active TB cases in California (E4). A one-month time step was utilized, and simulations were run from 2001 to 2065. Demographic information was obtained for the State of California for 2001-2014 from the American Community Survey (ACS) via the Integrated Public Use Microdata Series (IPUMS) database (E5). Relevant variables included: sex, race/ethnicity, age, years in the US, migration status, and birthplace. Ethnicities included Asian, black/African-American, Hispanic, non-Hispanic white, and other. Age was grouped by 5-year intervals starting at 15 and capped at 80 or older. Birthplace information was consolidated to include only the United States, Mexico, Central America, and the WHO 22 high burden countries in 2014 (E6). The remaining birthplaces were grouped by their WHO region. The demographics of healthcare workers with direct patient contact were identified using the ACS, and these individuals were a distinct group in the model that was assumed to require yearly testing by their employer. 

At the beginning of the simulation, a random sample of 300,000 individuals from California was selected from the 2001 ACS dataset. For each subsequent time step, the cohort was updated with a sample of individuals representing those maturing into the age range and those immigrating to California, as specified by a place of residence outside of California one year ago as reported in the ACS. Individuals exited the model by dying of TB or non-TB causes or emigrating out of California. Death rates were derived from the 2011 US Social Security Actuarial Life Tables (E7). Emigration rates were set through calibration as described below.  

For each cycle after 2014, we sampled from the 2014 dataset. We assumed no change in the birthrate or immigration rate from 2014 forward. 

LTBI prevalence

The NHANES 2011-12 public dataset was used to calculate national TST positive prevalence (induration reading ≥ 10mm) for overall United States, split into US-born and non-US-born with each stratified by race/ethnicity (non-Hispanic white/Hispanic/black/Asian/other) and age (15-24, 25-44, 45-64, 65+) (E8). Although our calibration period began in 2001, the NHANES 2011-12 dataset was chosen because it included more detailed race/ethnicity measurements, and the TST prevalence estimates were not statistically significant between 1999-2001 and 2011-2012 surveys (E9). In our analysis, TST positivity was used as a proxy for LTBI infection. Stratified point estimates were provided by the California Department of Public Health in the form of 2 tables (US-born, non-US-born) with 30 cells (6 age groups × 5 race groups) comprising TST-positive prevalence. Unmodified NHANES-supplied survey weights were used in these calculations, thus supplying us with national-level estimated TST-positive  prevalence. 

Some of the cell entries in these tables were missing due to lack of data in NHANES. TST-positive prevalence for an empty cell in age group i and race group j was imputed by multiplying the overall prevalence for that table (US-born or non-US-born) by the product of the ratio of prevalence in age group i (from the non-missing cells) to total prevalence for that subpopulation (US-born or non-US-born) and by the ratio of prevalence in race group j to total prevalence. Marginal prevalence for age and race groups were calculated from NHANES as were overall US-born or non-US-born prevalence. For example, there were no TST-positive readings for US-born Asians aged 45-64. The prevalence for this group was imputed as p × (pi+ /p) × (p+j /p), where p is US-born prevalence, pi+ is prevalence for USB age 45-64, and p+j is prevalence for US-born Asian. To expand to estimates for 5-year age groups, 15-19, 20-24, …, 75-79, 80+ it was assumed that prevalence within larger age groups was constant across smaller groups. For example, the prevalence calculated for 25-44 was assumed to hold uniformly for 25-29, ..., 40-44. These give prevalence estimates pij for age group i and race group j. 

California demographic information concerning age, race, and country of birth were obtained from the ACS in 2001, as our model began its calibration in 2001 (E5). In order to estimate prevalence in California within these country-of-birth groups, previously-published estimates of LTBI infection in country of origin (E10) were adjusted as follows. 

First, the non-USB population derived from ACS was grouped by their country of birth, specifically those from Mexico, Central America, and the WHO 22 high burden countries in 2014: Afghanistan, Bangladesh, Brazil, Cambodia, China, Democratic Republic of Congo, Ethiopia, India, Indonesia, Kenya, Myanmar, Nicaragua, Nigeria, Pakistan, Philippines, Russian Federation, South Africa, Thailand, Uganda, United Republic of Tanzania, Viet Nam, and Zimbabwe (E6). The remaining birthplaces were grouped by their WHO region: African Region, Region of the Americas, South-East Asia Region, European Region, Eastern Mediterranean Region, and the Western Pacific Region. 

Second, national NHANES-derived non-US-born prevalence by race categories were weighted according to the ACS race distribution in California for each country of birth and summed to produce prevalence estimates of country of birth populations residing in California. Thus, if wjkC are the ACS-derived race population proportions for country of birth k (which sum over race groups j to 1), and p+j are NHANES-derived non-USB prevalence estimates for race categories j, the estimated prevalence in California for country of birth k is pkN = ∑j wjkC  p+j   These estimates are consistent with NHANES prevalence by race for non-US-born. 

Third, as prevalence among race for California may differ from overall national NHANES estimates, alternate estimates for race groups were calculated based on the prevalence of LTBI in country of birth as reported in Dye. These were combined with the ACS demographic breakdowns of each race group by country of birth to produce race prevalence estimates that are consistent with LTBI prevalence in the country of birth. If wjkR are the ACS-derived country of birth population proportions for race j (which sum over k to 1), and pkD are the Dye prevalence estimates in country of birth k, the estimated prevalence in California for race j is ∑k wjkR  pkD. 

Fourth, the disagreement between this estimate, which is almost certainly incorrect since LTBI prevalence in non-US countries is known to differ from that among persons in the US originating from those countries, is quantified by its ratio with the corresponding demographically weighted estimate of prevalence in race group j. By summing these ratios over race groups j, a weighted ratio is obtained which represents the difference in LTBI burden between the sample of immigrants from a nation and the nation itself. The prevalence in California for the population whose country of birth is country k is thus estimated, using previous notation, as:



This is interpretable as the estimate of LTBI prevalence in the country of birth k adjusted by California demographics and national-level NHANES race-group estimates. 

Fifth, the ratio of this quantity to the earlier estimate for country of birth k, that is pkN = ∑j wjkC  p+j , gives a prevalence ratio PRk for final adjustment for country of birth k. The resulting overall race-group estimates that result from these adjustments are similar to those from NHANES, which lends confidence to their use. 

Finally, LTBI prevalence in California for age group i, race group j, country of birth k, and sex s (female, male), is estimated as pij × PRk × SRs, where pij and PRk are defined above and SRs is the ratio adjustment of NHANES prevalence in non-US-born for females (s=0) and males (s=1) divided by the average of those two prevalence estimates (Table E1, Table E2).

TB Chain

The TB chain had 68 states, representing all the disease states and testing/treatment possibilities. Individuals began in either uninfected, slow latent (remote LTBI), fast latent (recent LTBI), or slow latent status-post six months of isoniazid treatment. LTBI prevalence was estimated from the 2011-2012 NHANES by race/ethnicity, age group, and US-born/non-US-born status. We began the model with 16% of US-born LTBI and 12% of NUSB LTBI previously treated, as suggested by data from NHANES (E11). The percent of LTBI from recent-transmission was 1.8% and 4.2% of all LTBI for US-born and non-US-born, respectively, which was interpolated from recent-transmission cases from 2014 and the trend of pediatric cases from 2001-2014. This process is described fully in the “calibration” section below.  LTBI prevalence in NUSB entrants was assumed to decline by a relative 1.9% annually as an approximation of global TB control efforts (E12). 

Individuals in slow latent or fast latent could self-clear the infection at a set rate or progress to active disease. Active disease was modeled initially as an untreated group, with a 90% monthly transition into a set of tunnel states representing six months of active disease treatment. Individuals could die or default from active treatment. 

LTBI testing

Individuals were chosen for testing through an uptake probability. If individuals qualified for a certain testing intervention, they would have a chance to be tested every cycle. Two tests were analyzed: tuberculin skin testing (TST) and use of QuantiFERON-TB Gold (QFT). TST and QFT had total costs of $9.50 and $84.35 respectively, and we assumed a base sensitivity of 83% and 85%, respectively. Specificities of 95% and 99% were used for TST and QFT, respectively. We assumed that the TST was less specific in the non-US-born population due to the Bacillus Calmette–Guérin (BCG) vaccine, and that the immunosuppressive effects of HIV and ESRD had a negative impact on both TST and IGRA test performance (Table E3). Treatment uptake after a positive test varied: 83% was used for QFT, while 76% was used for TST. To evaluate the cost of testing, we included the costs of test reagents, labor, and recruitment. Individuals were able to be re-tested for LTBI at any time within one year, unless they have previously completed treatment. 

LTBI treatment

LTBI treatment was initiated after being tested positive; both true positives and false positives could undertake treatment. We evaluated two treatment options: self-administered isoniazid for six months (6H) and three months of weekly directly-observed isoniazid and rifapentine (3HP/DOT). We assumed constant monthly drop out rates of 7.4% (5.5 - 9.7) for the isoniazid-only arm and 6.4% (4.8 - 8.0) in the 3HP/DOT arm (E13–15). This results in a 62% (54 – 71) completion for 6H and an 82% (0.62 –1.00) completion for 3HP. 

If individuals underwent a full course of treatment, they achieved lifetime protection, were not susceptible to reinfection, and would not undergo future testing or treatment; those dropping out before treatment completion garnered no benefit. The effects of multidrug-resistant TB were not incorporated.

Transmission

Each case of active TB was assumed to propagate additional cases of LTBI, ie a transmissibility coefficient, with 80% of that risk accounted for within an individual’s race/ethnicity and nativity (US-born/non-US-born) group, and 20% within the general population. This is consistent with evidence that recent transmission occurs more commonly within race/ethnic minority and immigrant populations within California (E16). We included active case finding, assuming that each active case investigation identified 2.5 infections, 75% of which were recent transmissions. These assumptions were estimated from internal CDPH records of case-finding. The overall transmissibility coefficient, as well as coefficients for specific subpopulations, were varied through calibration as described below. The final overall starting coefficient was 4 cases of LTBI for every case of active disease. 

Medical risk factors

We estimated the prevalence of each risk factor in California using California-specific data if possible, and national-level estimates otherwise (Table E4).

No data source was available for TNF-alpha use, so we estimated its use from the prevalence of the use of these drugs in rheumatoid arthritis and IBD (Table E4). Individuals could have more than one risk factor, and additional relative risks were assumed to be multiplicative. Thus, prevalence of each medical risk factor was stratified by sex, age, race/ethnicity and nativity where available. 

[bookmark: h.20uibo27n0lc]To estimate the relative risk (RR) of progression to active disease, we conducted a literature review and arrived at expert consensus among team members as to which estimates were most suitable for the at-risk Californian population (Table E4).  Each medical risk factor’s independent risk of mortality was incorporated as a standardized mortality ratio, which yielded a life expectancy once the conditions were distributed within the population.

Base case and intervention strategies

We created a basecase scenario that represents current testing and treatment, with healthcare workers required to have annual TB tests (4.6% of the population) were modeled as a distinct group (E5). An additional random 2% of the population received a test every year, as determined through calibration. The base case scenario utilized a 50/50 mixture of the TST and QFT and LTBI therapy of six months of self-administered isoniazid (6H).

We assessed four different strategies applied to the California population: (1) increased TTT in all with medical risk factors regardless of nativity, (2) increased TTT in all non-US-born, (3) increased TTT in all non-US-born and all with medical risk factors regardless of nativity, and (4) increased TTT in all Californians (universal). For each strategy, we estimated the effects of increasing TTT by a factor of 2, 4, or 10. This created a total of twelve simulations in addition to the base case. Additional testing utilized QFT and treatment was 3HP/DOT. For each of these strategies, we evaluated the total cases and net costs from 2017 to 2065. Future costs and QALYs were discounted 3% (1-5%) per year (E17).

Calibration

To calibrate the model, we employed a step-wise, non-computational approach which captured the historical pattern of active TB from 2001 onward stratified by sex, nativity, race/ethnicity, and medical risk factors. 

First, we calibrated the prevalence of each MRF to match known trends in their prevalence from 2001 to 2014 by adjusting the initial prevalence and/or incidence to match established trends derived from available data. For example, initial HIV prevalence was set at the reported HIV prevalence in 2001. To match the estimated prevalence of HIV from 2002 to 2014, the incidence rate was adjusted until prevalence aligned with historical trends. The comorbidities come with a higher risk of death, and individuals with these conditions were given a higher yearly chance of death (standardized mortality rate) in line with the literature. These values were not adjusted during calibration. As TNF-alpha inhibitor usage was not available for California, TNF-alpha inhibitor usage was calibrated to fall within the 95% confidence interval of TNF-alpha usage in four waves of NHANES data reported by Yeats et al. (10).

Second, adjustments were made to race- and nativity-specific risks of TB reactivation to match reported cases in 2001 (Table 1). US-born Asians, Blacks, Hispanics, Whites, and individuals of other ethnicities required a 1.2, 2.2, 1.5, 2.0 and 0.5 relative increase in risk of progression rates, respectively. Non-USB Asians, Blacks, Hispanics, Whites, and individuals of other ethnicities required a 1.48, 1.5, 0.83, 0.5, and 2.0 relative adjustment. This is straightforward, and speaks to the relative risks not captured by our comorbidities. The USB/NUSB-race designation was used as we felt it best captured these unknown risks. We included a NUSB diabetes-specific adjustment due to an increased risk in this group, as noted in other research (63). 

Third, USB whites required an additional 6% yearly reduction in risk of progression to match data from 2002 to 2014.

Fourth, we adjusted the relative risks of reactivation associated with each risk factor to match the reported number of cases in those with a medical risk factor (Table E4). Table E4 shows the pre-calibration and post-calibration values. Only two were modified, and both were within reported literature values. 

Fifth, we adjusted the number of so-called imported cases (active cases within one year of entry into the US). Between the 2001 to 2014 time-period used for calibration, there was a significant drop in adult TB cases, some of which may be attributable to a decline in active disease importation (64). In 2001, there were 444 such cases (14% of adult cases) within one year of entry. By 2014, there were only 160 (8% of adult cases). To account for this change, we reduced the incidence of these cases by 5% per year to match the historical trend, and continued the trend beyond 2014.

Six, we adjusted our transmission coefficient to match the number of cases due to recent (within three years) transmission. In 2014, 83 cases in the USB and 143 in the NUSB were estimated to be from recent transmission within the US, representing 22% of USB, 8.5% of NUSB, and 11% of total adult cases (24). Since recent transmission is estimated through genetic analysis, no past estimates for what proportion of active cases were due to RT is available. Estimation is possible. One useful marker for transmission is the number of cases found in the population under 5 years of age (U5), as these are by-definition transmissions occurring within the last 5 years (65). In 2014, 55 cases (2.6% of all cases) were those found in the U5 population, compared to 134 (4%) in 2001. This represents a 59% reduction in the number of U5 cases per year. If we assume that U5 cases are a valid surrogate marker for transmission, we can use this proportion to estimate the level of transmission in 2001.  We build a simple linear model to describe the relationship between year and risk of recent-within-US using under-five cases and adult cases as our input data, stratified by USB/NUSB. Using this method, we estimated that 551 adult cases in 2001 were due to recent transmission. Then to match the downward trend of cases due to recent transmission, the transmission coefficient was reduced by 2.5% per year starting in 2001 for the USB and 1% per year for the NUSB. 

Sensitivity Analysis

Along with our sensitivity analysis showing the effects of one-time testing, we completed a probabilistic sensitivity analysis using a standard Monte Carlo simulation that sampled variables from a triangular distribution using the ranges described above (E22). The followed variables were varied:

    - Drop out rate from LTBI therapy
    - Drop out rate from active TB therapy 
    - Risk of progression from recent
    - Risk of progression from remote infection
    - Starting prevalences of non-demographic risk factors (DM, HIV, ESRD, SOT, Smoking)
    - Transition probabilities in and out of non-demographic risk factors (DM, HIV, ESRD, SOT, Smoking)
    - Proportion of individuals that enroll in treatment after a positive TST LTBI test
    - Proportion of individuals that enroll in treatment after a positive QFT/TSPOT test
    - Number of LTBI cases caused by one active case
    - Number of secondary TB cases caused by one active case
    - Efficacy of therapies
    - Proportion of LTBI treated starting simulation
    - Proportion of started who complete treatment for each therapy
    - Total cost of LTBI therapy per month by modality
    - Total cost of LTBI testing per month by modality
    - Active disease cost per month
    - TB-related mortality per month
    - QALYs gained averting one case of active TB
    - Discounting
    - All "multiplicative coefficients" (ie adjusting risk of progression by race-nativity)


All scenarios were executed in parallel sets using the same sampled values for input parameters values and the random number sequence that determines events in the simulation. Individual simulations were compared to the simulations within that sampling set to produce estimates such as cost or utility difference. The sets were repeated 250 times.

The Go Godes package was used for this process (E23).  

Year 1 Budget analysis

Costs for Year 1, by type of cost and intervention strategy, are reported in Table E5.



Tables

S1 Table. Estimated LTBI prevalence in selected demographic groups (15 or older California population). 

	
	US born
	Non-US-born

	Total
	2.4%
	19.4%

	
	
	

	Sex
	
	

	Male
	3.1%
	24.4%

	Female
	1.7%
	14.8%

	
	
	

	Race/Ethnicity
	

	Asian
	5.1%
	30.1%

	Hispanic
	2.7%
	13.8%

	Black
	7.1%
	21.7%

	White
	1.4%
	15.1%

	Other
	2.2%
	25.5%

	
	
	

	Age
	
	

	Age 15-19
	0.4%
	11.1%

	Age 20-24
	0.7%
	12.5%

	Age 25-29
	3.3%
	19.6%

	Age 30-34
	3.2%
	18.4%

	Age 35-39
	2.9%
	20.2%

	Age 40-44
	2.1%
	18.6%

	Age 45-49
	4.4%
	23.1%

	Age 50-54
	3.6%
	26.1%

	Age 55-59
	3.7%
	24.2%

	Age 60-64
	3.7%
	27.3%

	Age 65-69
	1.7%
	13.4%

	Age 70-74
	0.5%
	9.4%

	Age 75-79
	0.8%
	13.0%

	Age 80+
	1.5%
	9.1%







S2. Table. LTBI prevalence over time (15 or older California population).  


	
	2001
	2014
	2030
	2040
	2050

	USB
	2.1% (1.6 - 2.6%)
	1.6% (1.1 - 2.1%)
	1.3% (0.9 - 1.8%)
	1.2% (0.9 - 1.6%)
	1.2% (0.9 - 1.5%)

	Non-US-born
	21.6% (19 - 25%)
	17.1% (16 - 20%)
	13.2% (11 - 16%)
	11.4% (11 - 13%)
	9.9% (9.5 - 12%)




S3 Table. Estimates of test performance

	
	
	Sensitivity
	
	
	Specificity
	
	
	

	Name
	Base
	Low
	High
	Reference
	Base
	Low
	High
	Reference

	USB TST 
	0.83
	0.71
	0.87
	(E24–37)
	0.95
	0.82
	0.99
	(E24–37)

	USB QFT 
	0.85
	0.70
	0.97
	(E24–37)
	0.99
	0.98
	1.00
	(E24–37)

	USB TSPOT 
	0.85
	0.70
	0.97
	(E24–37)
	0.98
	0.97
	1.00
	(E24–37)

	NUSB TST 
	0.83
	0.71
	0.87
	(E24–37)
	0.82
	0.47
	0.92
	(E24–37)

	NUSB QFT 
	0.85
	0.70
	0.97
	(E24–37)
	0.99
	0.98
	1.00
	(E24–37)

	NUSB TSPOT 
	0.85
	0.70
	0.97
	(E24–37)
	0.98
	0.97
	1.00
	(E24–37)

	HIV TST 
	0.75
	0.68
	0.83
	(E38)
	0.64
	0.58
	0.70
	Assumed

	HIV QFT 
	0.59
	0.53
	0.65
	(E38)
	0.89
	0.80
	0.98
	(E38)

	HIV TSPOT 
	0.59
	0.53
	0.65
	Assumed
	0.89
	0.80
	0.98
	Assumed

	ESRD TST 
	0.51
	0.46
	0.56
	(E39)
	0.64
	0.58
	0.70
	(E39)

	ESRD QFT 
	0.53
	0.48
	0.58
	(E39)
	0.69
	0.62
	0.76
	(E39)

	ESRD TSPOT
	0.53
	0.48
	0.58
	Assumed
	0.69
	0.62
	0.76
	Assumed





S4 Table. Relative risk (RR) for progression to active disease, prevalence, 2014 cases in individuals with those risk factors, and life expectancies for medical risk factors
	Risk group
	Stratified by
	Modeled prevalence (%), 2014
	Cases in 2014 (%)
	Reference for stratified prevalence estimate
	Calibrated trends 2001-2011 using
	RR progression (pre- calibration)
	RR progression (post-calibration)
	Reference for RR

	Diabetes
	Age, sex, race/ethnicity, nativity
	8.9
	25
	(E40)
	(E41)
	1.6 
(1.3-3.60)
	1.6
	(E42)

	Smoking
	Age, sex, race/ethnicity, nativity
	12.7
	13
	(E40)
	(E41)
	2.5 
(1-4)
	2.5
	(E43)

	HIV
	Age, sex, race/ethnicity
	0.41
	4.2
	Unpublished data, CA Department of AIDS
	(E44)
	12 
(2.9-22)
	5.4
	(E45)

	TNF-alpha
	Age, sex
	0.80
	0.98
	Expert opinion, Derived from  (E46–51)
	Constant as a proportion of the population (E18)
	4.7
(2.5-5.3)
	4.7
	(E18)

	Solid-organ transplants
	Age, sex,
	0.17
	1.1
	(E52)
	Constant as a proportion of the population
	2.4
(1.7-18)
	2.4
	(E53)

	ESRD
	Diabetes, age, sex, race/ethnicity
	0.30
	4
	(E54)
	(E54)
	11
(2-20)
	10.4
	(E55)



[bookmark: _GoBack]
 S5 Table. Budget analysis, Year 1
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Year 1 costs by Intervention Strategy

Testing costs, 

mean

LTBI treatment 

costs, mean

Active disease 

costs, mean

TOTAL costs, 

mean

All TB-related 

costs compared 

to baseline, mean

Basecase 134,364,527           21,557,797             60,583,870             216,506,195           -                         

2x in those with medical risk factors (QFT/3HP) 167,629,496           35,142,615             60,419,816             263,191,926           46,685,731            

4x in those with medical risk factors  (QFT/3HP) 234,204,227           63,118,639             60,077,667             357,400,533           140,894,338          

10x in those with medical risk factors (QFT/3HP) 432,115,131           145,398,543           59,064,989             636,578,664           420,072,469          

Basecase 134,778,504           21,556,178             60,463,722             216,798,405           -                         

2x in FB (QFT/3HP) 186,107,905           62,516,382             60,138,134             308,762,421           91,964,017            

4x in FB (QFT/3HP) 288,629,380           146,221,027           59,523,007             494,373,414           277,575,010          

10x in FB (QFT/3HP) 588,355,321           390,882,433           57,716,551             1,036,954,306        820,155,901          

Basecase 135,008,346           21,962,076             60,603,514             217,573,937           -                         

2x in FB + Med risk factor (QFT/3HP) 208,013,910           67,116,185             60,269,204             335,399,299           117,825,363          

4x in FB + Med risk factor (QFT/3HP) 354,289,872           158,732,537           59,619,029             572,641,438           355,067,501          

10x in FB + Med risk factor (QFT/3HP) 782,937,994           426,888,530           57,662,502             1,267,489,027        1,049,915,090       

Basecase 134,892,645           21,198,902             60,445,112             216,536,659           -                         

2x in general population (QFT/3HP) 294,059,476           79,456,832             60,102,602             433,618,910           217,082,251          

4x in general population (QFT/3HP) 611,180,245           196,224,951           59,368,857             866,774,053           650,237,394          

10x in general population (QFT/3HP) 1,556,655,098        538,420,386           57,183,777             2,152,259,261        1,935,722,602       


