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Presenter’s introduction

« Medical resident (orthopedic surgery) in Japan
- MS (Harvard Univ.) PhD (Johns Hopkins Univ.) in US (since 1995)
-> worked for Stanford Univ. in CA, US federal agency Centers for
Disease Control and Prevention (CDC) in GA, Univ. Rochester in
NY., Univ. of California Davis in CA,
-> (Since April 2020) Kanagawa University of Human Services

« Research: Preventive behavior change ((a) Infectious Disease (esp. Flu
Vaccine) and (b) Chronic disease prevention (esp. Diet and Physical
Activity), Tele-health, Workforce supply, Long term care (dementia),
Health insurance
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Basic Measures against the COVID-19

« No vaccine/preventive drug confirmed (as of Oct. 2020)

« Primary prevention (to reduce infection risk
— Behavior change to mitigate the negative impacts of COVID-19

« Social distancing (Long-term commitment like obesity
prevention)

« Vaccination (One-time commitment; Simple??: available after
spring 20217?)

« Secondary prevention (if close contact w/ infected ??)
— Detect early enough to improve outcome

« Tertiary Prevention
— Treatment after infected & w/ serious symptoms

Conceptual Framework of Preventive Behavior:

Case of Infectious Disease by Yoo (2011)
Modified (CDC Task Force on Community Preventive Services, MMWR 1999)

Provider
factors

Patient -Perceived risk

System X
factors - Mass media reports

B2
factors // -Preference for prevention
=

-Demographics
/ -Health status
Epidemic
factors

Transmission rate Avoidance
- Response
- Morbidity rate 5
- Mortality rate

Mutual (cyclic) Interaction between Epidemic Level
and Incentive for Preventive Behavior
(Philipson 1996)

Avoidance Response:

Epidemic T Incentive for T Epidemic 1
Level =| Preventive Behavior 1|=>| Level

(e.g., vaccination,
social distancing) /
Possible ) Incentive for 1

resurgence ) Preventive Behavior

“Public Avoidance and the
Epidemiology of novel H1N1
Influenza A”

Byung-Kwang Yoo, et al.

National Bureau of Economic Research (NBER) (*)
Working Paper, 2010, (www.nber.org/papers/w15752).

(*) NBER is the nation's leading nonprofit economic
research organization. 16 of the 31 American Nobel
Prize winners in Economics and 6 of the past Chairmen
of the President's Council of Economic Advisers have
been researchers at the NBER.

Common structures for models used to describe the transmission of infections.
(source: Vyunncyky 2020, p.16)
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3 Compartment Model of Epidemic
Susceptible-Infected-Recovered (SIR) Model
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S;: the number of susceptible people on day t

I, : the number of infected people on day t

R;: the number of recovered (immune) people on day t
N: the total state population as of July 1, 2008

a = the case fatality rate Bt = the virus attack rate  y = the recovery rate




2 Components of Disease Attack Rate

Attack rate = product of 2 components
+ constant baseline attack rate
— “biological” transmission rate
— Same as “basic reproduction number of R0”
* baseline contact frequency
— differs among subgroups (eg, age, occupation)

Test Validity of Avoidance Response Model:
novel H1N1 influenza epidemic path in the U.S.
from April 23 to August 31, 2009 (day 86)
[Cumulative laboratory confirmed cases]
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3 Components of Disease Attack Rate

Attack rate = product of 3 components
+ constant baseline attack rate
— “biological” transmission rate
* baseline contact frequency
— differs among subgroups (eg, age, occupation)
* avoidance response parameters (original)

—influenced by the disease prevalence rate [past
week, in residential state]

How to empirically measure
attack rate and avoidance response?
« Original data from CDC website
— State level, daily “cumulative” confirmed cases

->Micro-simulation to obtain #s in S/I/R compartments
in “each day” in each state (200 iterations)

—>Calculate “attack rate”, varying daily for each state
(panel data: By, i: 50 states, t: day (from state-onset))

» Regression analysis of panel data
ﬂir = ﬂo exp( Col —my W(]it))

m, :avoidance response B, : baseline attack rate,
w(l): prevalence in past week, ¢, : time factor

The time-variant reproductive rate (RR;)
in Yoo et al (2010), changing every day
(= net reproduction number (Rn) in slides #10-20))

We calculate the time-variant reproductive rate
(RR;) as the product of 3 terms:
the attack rate, the proportion of susceptibles in

the total population, and the duration in the
infective compartment

Key assumptions of simulation models

» 3 simulation models in comparison

— Model 1: Non-response model (without accounting for avoidance
response)

— Model 2: Avoidance response model

— Model 3: same as Model 2, but assumes a second upsurge
started Oct. 1, 2009

+ Proportion of labo-confirmed cases among infected
— 5% (CDC 2009)

+ Pandemic influenza vaccine effectiveness
— 50% (sensitivity analyses in NBER paper)

+ Novel H1N1 flu vaccine supply (data as of early Oct. 2009)
— Oct. 1-7: 1 million; Oct. 8-14: 6 million;
Oct. 15- Dec. 2: 3 million [doses per day]
— 196 million doses in total




Test Validity of Avoidance Response Model:
novel H1N1 influenza epidemic path in the U.S.
from April 23 to August 31, 2009 (day 86)
[Cumulative laboratory confirmed cases]
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Forecast US “baseline” pandemic path: 04/23/09-09/05/10
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’ “——Model1: Non-response model (US parameters only) ‘

Forecast US “baseline” pandemic path: 04/23/09-09/05/10
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Estimated effectiveness of vaccination programs in 3 Models
Change in the final size [% of cumulative infected among total population]

Model assumptions Final size
. 2nd Change
Avoidance . No ]
Mode response upsurge in vaccination vy
Oct. 2009 vaccination

1 No No 61.1% 0.0%
2 Yes No 46.2% -11.6%
3 Yes No 40.1% -6.2%

« Pandemic influenza vaccine effectiveness: 50%
« Vaccine supply (data as of early Oct. 2009): Oct. 1-7: 1 million; Oct. 8-14: 6
million; Oct. 15- Dec. 2: 3 million [doses per day]; 196 million doses in total
22

Forecast US “baseline” pandemic path: 04/23/09-09/05/10
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Estimated effectiveness of vaccination programs in 3 Models
Change in Peak Timing (Observed peak = end of Oct. 2009)

Final size Timing of peak
Change Change
model el with el with
vaccination L vaccination S
vaccination vaccination
1] [2] [3] [4]
1 61.1% 0.0% 7/9/2009 0
2 46.2% -11.6% 2/13/2010 | +30 days
3 40.1% -6.2% 10/19/2009 -1 day

Model 1: Non-response model (without accounting for avoidance response)
Model 2: Avoidance response model
Model 3: Avoidance response model, with a second upsurge started Oct. 1, 2009




Most important principle in data analysis

Garbage in, garbage out.
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CDC'’s forecast: Deaths of COVID-19 (as of May 27, 2020)

https://www.cdc. irus/2019-r i .html

National Forecast
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Questions for Students

*  What are the big differences b/w the estimates in CDC (previous
slide) and those in Japan (that you have seen somewhere before)?

* You might want to simulate (# of infected, # of ICU beds needed) by
yourself?

- CDC provides FREE software “COVID-19 Surge”
(https://www.cdc.gov/coronavirus/2019-ncov/hcp/COVID Surge.html)

* You might want to simulate (# of Tracers needed) by yourself?
- CDC provides FREE software “COVID-19 Tracer”

https://www.cdc.gov/coronavirus/2019-
ncov/downloads/php/COVID_TracerManual-508.pdf
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Discussion Points
(Note: (?) indicates limited evidence as of today)

How applicable is the basic SIR model for the COVID19?

 Infection w/out symptoms = Spread speedt, Hard to trace infected
(under-count “S” in the SIR model?)

« Multiple infections (?, how much % of infected?)
- Herd Immunity more difficult, i.e., longer time to reach herd immunity ?
- Not SIR model but SIRI or the mix of these models? (See next slide)

+ Poor antibody response (?, how much % of infected?)
-> Vaccine effectiveness| or the vaccine development would be difficult ?
-> Herd Immunity more difficult, i.e., longer time to reach herd immunity ?
- Not SIR model but the mix of SIS, SIR and SIRS models?
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FFEMLEKE TRER) & LTRTY 5,

Only Japan doubts “SEAEKE X R D KIREPCRIZE"

Recent papers (Paltier et al.; Neilan et al), outside Japan,
focus on the frequency (once or 3 times per week) of the
PCR and the combination of PCR (nasal or saliva) &other-
tests (like lung-CT, antibody, antigen)
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COVID-19ER DB #ED: B MM &BRMR(M). 7 LRI (ERIIR2).
RRFRENMZ, BAEORABREBREREZELTVSYMERT.
(Vynnycky 2010, p.3%& & %)
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Sensitivity of 1st PCR Test
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52

®16. 2RTBREDT - FAEKENROPCREE
M75 (AHPOFREHS) | vs TLAEL (FRES) |
1 (XS - RERER. REEETOBRH (0-5)
fiksh (Yiﬂl) 1«5117')—‘/7PCR#§§0)¢#§F‘ (95%-100%)
EEREBEROMEAELER (Bl. X=18,
y= 80%) b\i‘f@,d}ﬁﬂ)mﬁﬁ&b TPCRIZEE#{TINE

Specificity of It PCR Test

- ~ - <
Time lag between PCR sample collection and the start of quarantine [day]

B Do-Nothing Wl PCRTest
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Road Map

I) Introduction of Presenter

II) Individual behavior theory in mathematical
Modeling

IIl) Cost-benefit analysis of PCR tests

1V) Health disparity




Definition by US CDC (2018) 1

Health disparities are

preventable differences in the burden of
disease, injury, violence, or opportunities to
achieve optimal health that are experienced
by socially disadvantaged populations.
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Definition by US CDC (2018) 2

Populations can be defined by factors
such as
race or ethnicity, gender, education or income, disability,

geographic location (e.g., rural or urban), or sexual
orientation.

Cf. Socio-economic status (SES) often includes education,
income (& asset) etc. — social class (why not used in US?)

Definition by US CDC (2018) 3

Health disparities result from multiple
factors, including

» Poverty

* Environmental threats

* Inadequate access to health care
+ Individual and behavioral factors
* Educational inequalities
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What are the criteria to compare in
the health care fields?
How to compare/rank?

» Hospital A vs. Hospital B

* Health maintenance organization (HMO) A
vs. HMO B

 Public health program in City A vs. City B

Donabedian’s model for measuring quality care
(Donabedian 2005)

Table source: UK NHS: https://improvement.nhs.uk/documents/2135/measuring-
quality-care-model.pdf

Figure 1: The Donabedian model for quality of care

Donabedian’s model for measuring quality care
(Donabedian 2005) summary source: UK NHS:

https://improvement.nhs.uk/documents/2135/measuring-quality-care-model.pdf

Structure measures: these reflect the attributes of the

service/provider

» such as staff to patient ratios and operating times of
the service.

* These are otherwise known as input measures.

* Other Examples: # of MDs, Hospital beds per
population
« Easy to measure/improve (but roughest measure)

10



Donabedian’s model for measuring quality care
(Donabedian 2005) summary source: UK NHS:

https://improvement.nhs.uk/documents/2135/measuring-quality-care-model.pdf

Process measures: these reflect the way your systems

and processes work to deliver the desired outcome.

» For example, the length of time a patient waits for a
senior clinical review, if a patient receives certain
standards of care or not, if staff wash their hands,
recording of incidents and acting on the findings and
whether patients are kept informed of the delays when
waiting for an appointment.

+ Other Examples: Quantity of H care utilization, Timing
(delayed or not) of H care utilization

* Relatively easy to measure (but not the final goal,
except primary/secondary prevention)

Donabedian’s model for measuring quality care

(Donabedian 2005) summary source: UK NHS:
https://improvement.nhs.uk/documents/2135/measuring-quality-care-model.pdf

Outcome measures: these reflect the impact on the patient
and demonstrate the end result of your improvement work
and whether it has ultimately achieved the aim(s) set.

* Examples of outcome measures are reduced mortality,
reduced length of stay, reduced hospital acquired
infections, adverse incidents or harm, reduced emergency
admissions and improved patient experience.

* Best measures (among 3 model categories) but still needs
careful risk-adjustment (i.e., controlling for baseline health
status and other SES factors)

Question for All students
RE the following examples

Q1) Under Donabedian’s model, which type of quality is
measured?

« Structure, Process or Outcome

Q2) To prevent the observed disparity, what type of
prevention is needed?

+ Primary, Secondary or Tertiary

Q3) To improve the internal/external validity of a study,
what will you recommend as a peer reviewer?
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Disparity example 1 under COVID
Cited in Khunti et al, BMJ. 2020 Apr 20

“Concerns about a possible association
between ethnicity and outcome were raised
after

the first 10 doctors in the UK to die from
covid-19 were identified as being from ethnic
minorities.”

Disparity example 2 under COVID
Cited in Khunti et al, BMJ. 2020 Apr 20

» “Of 2249 patients admitted to 201 critical
care units in England, 64.8% were white,
13.8% were Asian, 13.6% were black, and
7.8% were from other or mixed ethnic
groups.”

* “The ethnic minority population of the UK
was around 13% at the time of the last
census in 2011.”
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Disparity example 3 under COVID
Cited in Khunti et al, BMJ. 2020 Apr 20

“An analysis by the Washington Post reports
that counties with black majorities have
three times the rate of covid-19 cases, and
almost six times the rate of deaths,
compared with counties where white
residents are in the majority.”
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Disparity example 4 under COVID
Azar et al. Health Aff. 2020 May 21

» Analyzed 1,052 confirmed cases of COVID-19 from

January 1-April 8, 2020 in Northern California, US
— Enrolled in a large health care system (Sutter)

» Compared with non-Hispanic white patients, African
Americans (AA) had 2.7 times the odds of hospitalization,
after adjusting for age, sex, comorbidities, and income.

— No difference in testing

— “Disparity may not be in who is tested, but when”

— Delayed care (more advanced stage at time of a test)
— Because patients view delaying care as sensible option
-> Patients may lose $ or a job, if test (+)
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Conceptual Framework of Preventive Behavior:

Case of Vaccination
(Task Force on Community Preventive Services, MMWR 1999)

- Reimbursement rate
Provider (relative to admin. cost)
factors - Specialty
-Reminder system
-Standing orders

System Patient
factors factors

Epidemic
factors

Child Full Vaccination Rate (6-23mo)
2005-06 season (state ranking)

All children Poor children

<100% Federal Poverty Level

40.6%

40% -

40%

33%
30% -

20.3% 22%
= 20%

15%
12%

Vaccination Rate [%]

10% 10%

0%
0% L : . .

0% -

25.4% 30% |

20%

MS CA IN NY RI AL CA KY Ny CT
(1) (34) (26) (14) (1) (61) (32) (26) (10) (165

1) Medicaid reimbursement to administer vaccination
Background

» Medicaid reimbursement for administering vaccination
— Min: $2.00 (NH etc); Max: $17.86 (NY) in 2005
— Median: $8.40

« Provider cost: $20 to adm. one flu shot at pediatric clinic
[2006 dollar value] (Yoo et al., Pediatrics, 2009)
— Physicians are losing money by giving flu shots

— Financial loss for VFC vaccination in all private
pediatric practices [2006 dollars]
2006-07 season
« 20% vaccinated: Financial loss = $40 million
« If 90% vaccinated: Financial loss = $208 million
(Yoo et al. Pediatrics 2009)
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State-level Reimbursement Rate and Full-Vaccination Rate among Poor
Children§ in 48 Statest (adj. with 15 factors) (Yoo et al., Pediatrics 2010)

=)
<

Full Vaccination Rate [%]

Medicaid Reimbursement [$]
§ : Poor Children: Less than 100% Federal Poverty Level (FPL)
1: We excluded children in two states (Tennessee, Delaware) and D.C. due to lack of datg.
Size of circles weighted with state poor child population size)

Child Full Vaccination Rate (6-23mo)
2005-06 season (state ranking)

All children » Geographic health
disparity example

 After you control for
individual factors
(maternal education
attainment) and
aggregated factors (# of
MDs per population), no
difference in flu shot rate
across states among all
children/non-poor
children.~> No disparity?
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40.6%
40% -

30% -

20.3%

20% -

Vaccination Rate [%]

10%

0% -
MS CA IN NY RI
(51) (34) (26) (14) (1)
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Conceptual Framework of Preventive Behavior:

Case of Vaccination
(Task Force on Community Preventive Services, MMWR 1999)

- Reimbursement rate
Provider (relative to admin. cost)
factors - Specialty

-Reminder system

-Standing orders

System Patient -Perceived risk
Mass media reports

=
factors %/ factors -
% -Preference for prevention
% -Demographics

- Influenza vaccine supply

- Manufacturer -Health status

- Private distributor

- Public distribution system Epidemic

factors

- Transmission rate
- Morbidity rate

- Mortality rate

Avoidance
Response
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Does influenza vaccine supply delay/shortage

affect racial/ethnic disparities?
(Yoo et al., American J of Preventive Medicine, 2011)

Background

Link et al did not find any change in racial/ethnic disparities
during seasons with vaccine supply delay/shortage

« Comparing different subjects across consecutive seasons

- Hard to judge if the cause is the changes in patients or those in

system (or both)?

Methods: Very difficult general question

How to control individual patient preference?

e.g.1, | do not like any injection (i.e., fear of needle)
e.g.2, | do not like physicians/clinics

e.g.3, | believe that a vaccine causes autism or other very
serious side effects

- (If you are a reviewer) killing critique(?)

Does influenza vaccine supply delay/shortage

affect racial/ethnic disparities?
(Yoo et al., American J of Preventive Medicine, 2011)

Methods (to control individual preference)
How about comparing the same subjects across seasons?
» Assuming individual preference is stable for 2 years

* (period 1) 2000-2001 and 2001-2002 seasons through
period 4) 2003-2004 and 2004-2005 seasons.

* Medicare Current Beneficiary Survey (MCBS)
community-dwelling elderly (un-wt N =2,306-2,504,
weighted N = 8.23-8.99 million).

» Multivariable logistic regression analyses
— Outcome = flu shot receipt

— Covariates = 15 individual level factors
75

Results

* Improved vaccine supply assoc. with
W racial/ethnic disparities in flu shot rates
among nationally-representative Medicare elderly
—  2%-11% compared with non-Hispanic White

»  Worse supply assoc. with A\ disparities
—  2%-7% compared with non-Hispanic White

»  “Dose-response” relationship b/w supply-change and
disparity-change
— *“Largest disparity A\ follows “largest supply\¥”
“Smallest disparity AN follows “smallest supply\¥”

Policy Implications

+ Stabilizing the vaccine supply

— Public buy-back plan: Buy un-used vaccines from
manufactures and healthcare providers (public subsidy)

* The creation of an adult program similar to the Vaccines-
for-Children (VFC) program
— To sustain delivery of vaccines to safety-net providers with
limited vaccine investment resources
— Federally Qualified Health Centers and practices - serving
large proportions of African-American and Hispanic
patients

+ Active provider and patient reminder/recall systems

» Targeted communication campaigns
7

“Cost-effectiveness analysis of a television
campaign to promote seasonal influenza
vaccination among the elderly,”
Value in Health,

2015 Jul;18(5):622-630, (PMID: 26297090)
Kim M, Yoo BK (corresponding author)

Mentored as the first author’s post-doctoral fellow training.

Journal Ranking

+ 2018 Impact Factor: 5.037

« 6th of 353 in Economics

« 3rd of 79 in Health Policy & Services

* 3rd of 94 in Health Care Sciences & Services

13



Research Objectives

+ To determine the cost-effectiveness of “a
hypothetical national TV flu shot campaign”
targeting US Medicare elderly

—Comparator: No “national TV flu shot campaign”
(status quo)

» Key parameters in decision model:
— Cost (2012 USD): TV campaign
— Effectiveness: # of vaccinated Medicare elderly

Study Design 2

* Intervention details:
— 30-sec TV campaign for flu shot at prime time
— Once a week during Sep. — Dec. (17 weeks)
— Aired in 3 nationwide TV networks (ABC, CBS,
NBC)

* Intervention cost (2012 USD):
— Production cost (P): one-time cost
— Broadcasting cost (B): 30-sec prime time cost
— Total cost= P+[B*(17 weeks)*(3 networks)]

Figure 1: Decision Tree Model

Vaccinated

Phe*(1+The)

Not vaccinated

Study Design 1

+ Time horizon: 4 months (Sep. 1~ Dec. 31,
2012)

Societal perspective

» Race-ethnicity specific cost-effectiveness:
— Non-Hispanic White (W)
— Non-Hispanic African American (AA)
— English-speaking Hispanic (EH)
— Spanish-speaking Hispanic (SH)
(used Spanish in MCBS survey)

Table 1 (continued): Model Inputs

Medicare elderly population mm

Total (2012) 39 million
Non-Hispanic White 83.3% 3
Non?H|spanlc African 9% 3
American
Hispanic (English) 4.2% 3 4
Hlspanlc Spanlsh 3.5%
m-m
Range
coverage ratel
Non-Hispanic White 68% 63%~71%
Norf Hispanic African 50% 40%~56% 5
American
Hispanic (English) 66% 58%~71% 4,5
Hispanic (Spanish) 42% 31%~53% 4,5

TAverage and range of 14 seasons (1999 ~ 2012)

3: Centers for Medicare & Medicaid Services (CMS)

4: Yoo et. al. (2011) “Influenza Vaccine Supply and Racial/Ethnic Disparities in Vaccination Among the
Elderly’ 82
5: Centers for Disease Control and Prevention (CDC)

Table 2: Cost Effectiveness Analysis
Incremental | Incremental ICER
Cost Effect [$ per
$ million persons vaccinated
$18

Deterministic - ¢ o mijion 335,000

model
f;fg;b'"s"c 6.7 million (?gg'ggg $24

- 0 b 5 )
e @7m-02m) RO ($14-540)

All costs in US 2012 Dollars, ICER = Incremental Cost Effectiveness Ratio, #:
Rounded at 1,000, 95% CI = 95% confidence interval, {: ICER<$38.47: 96.9% of
10,000 iterations

14



Disparity in?

Race/Ethnicity Detz':)nc"el Probab model

ICER (95%
(51253 confidence interval)

Non-Hispanic $16 $23
White ($13-$40)1
Non-Hispanic $39 $31
African American ($15-$53)1
Hispanic (English $17 $22
speaking) ($13-$40)1
H'Spa?'c (*Spanlsh Dominated Dominated
speaking)

All costs in US 2012 Dollars, ICER = Incremental Cost Effectiveness Ratio, #:
Rounded at 1,000. * “TV campaign” was dominated by “without the TV campaign”
qI: ICER<$38.47: 96.9% (W), 78.9% (AA), and 97% (EH) of 10,000 iterations

Most groups: Cost effective (ICER < threshold of $38.47) s

» Reasons for disparity increase in
vaccination rate among racial/ethnic
groups
— (i) English as a language barrier (SH group)
— less likely to be exposed to English TV
campaign

— (i) Limited vaccine supply (AA and SH group)
— more likely to be delayed in vaccination
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Result 2: Disparity in?

« Effect on Racial/Ethnic Disparity
— W-AA groups: 0.6 pp 1 in vaccination disparity
— W-EH groups: 0.1 pp 1 in vaccination disparity
— W-SH groups: 1.5 pp 1 in vaccination disparity

Conclusions

» Nationwide TV campaign is reasonably
cost effective.

» Nationwide TV campaign may increase
the racial/ethnic disparity.

» Nationwide TV campaign justifiable to
implement, accompanying Spanish-
language campaign

Take home messages

« Systematic analyses of health disparity
— 1/2/3 prevention
— Donabedian’s model for quality care

« “Paradox in disparity”
Disparity could be worsened by
— Technological advancement
— New information on disease/prevention/treatment
— Insurance (and other?)
- Because highest SES can gain the full benefits

- How to mitigate/prevent the potential exacerbation of
disparity?
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Question?

Email: bk.yoo-7jv@kuhs.ac.jp

PPT slides of

» Today'’s lecture (Full slides)

* 4 series-lectures on pandemic
are available in my personal blog:
https://www.bkyoo.org/

Appendix

93

U— MRHI :
VRS EOT (RAOKF AR L ¥ — 4% 80)
HR = L AR AR R ke

NEEFETOHE IORER

R BE (39 ~A1F3Y)
Byung-Kwang (BK) YOO, MD, MS, PhD
MRNNEILRBELERE
/A= aVBERRR L 2— HiR(ERRES)
Email: bk.yoo-7jv@kuhs.ac.jp

2020410A 128 (HET3HR)

HEFHERDOBE

QFRHEMA U ILIUFICHRD &, HESERITREE

O BANEEFEE - ELEEEHAERIE. KECDCE
FRMCDCHZENZENER Lz 2 DHERBERAC)

QERGEARZE

. FE‘HﬁEt%&J = F%W@Etﬁj — 8%

- T%EH X, B8 [l B 2
"*ﬁr?ﬁi EHEATEE,

o HEEOTHEENE : HEHEZORERET. BHL T
A EBBRETH [F100L EDEFENESND,

o FHESOLE : ChoD100U LD TFEKEBBEL
1 OHETEOEESICDONT, HEHWNEHOATES
2115DIE, FFERAEENDESK,

(@5 < SRET—— -

i html 95

THEGHEEEORYEESDH D HBICBLELGHN - HR
(BELIRISUR L, 1ABEE, )

1) BET SBRIERE O - BHISE S RARNSE O ZBECHIER SN
1BEIBIE PRI - RARETAD L1 ) OREBIEEAB L - BT, B
BRCHNSVNEFRENS
BSERIEHE : AR (IC) - SREBT— 5 TOVID-100BMEA AR %t ) 5L\l
BT, BRECHASLLFASND

2) Mg - B - RBSECLICHECEBRCREREL T, RUMERHTRE
B LA ELBATEITHRETANE, CRECCEBBARICRER : 271 F4)
EENHE D ELITREBR - EIREFR - AlzheimerH/BEE (HRAFE LS
YRY) ERILTHETNE, CRECCIEICHMEABELEE : X541 F4)
iz DK ELIEFR. BRAOOEBANEMEE. BIETHRESHIHETE
fEHEmy~E,

3) BEDT—EEMTEMIC. VU EER - ERIE, 2020FEDAOMET—45
ERALICLD &S IRET R,

4) EERFHOREISONT, BESTETIVAERNE SRR,
I ET) FEH) OHBICAVSBET—2OHME (Bl 8EEIISF) PBE
TS OEHLM B, HEOBICHHRGAEETEETY) OEBOBRE LR

16



SKEICDCDCOVID-191Z & % iBBIE T4 D $§ 2 45
ETE. SEMINECE (MRaR. EESR. BFen. BOE. Tow) (THRE
HROQFREDQFNEN2020FEDT—4 , REDFNMHIBEDSERDT—4
ROBR - FEOHNENAREOFINEELES BAREEZRH5) BHIE.
hniEE (PCRREDREBHLO LFOEY) &—BT 50T, RLEEHL

source: https://www.cdc.govinchs/nvss/vsrr/covid19/excess_deaths.htm#dashboard

Weekly counts of deaths due to select causes of death

97

FRi 5 E D COVID-191< & % #BBIE T D3R & 45
BBRTCOEMF, WBEASSE[FEMITTT BwiEmE]
B BEAFEMOT—2 ELBL. BHEA U ILIUFOHE (BoxTHEN:
B ) #BRSVT D E. COVID-19IC & 2 BRRTDBS MM (HhDiRaing)
HY. aﬁﬁ“ﬂ‘éf&m ssﬁw}_wﬁﬁi&tnﬁ%l %L\

Weekly estimated excess deaths by age grov

Dation from expected deaths
Totalfor 24 Earopemn coumtrms”. 10 waek evading Sep 206 | p—

=] K@E].L!@%ﬁﬁﬂnl’ﬁl_é: BB T HE

source: hitps:/ niid.g 3-quidelinesi/9B87-exces; 20sep.html
hitps://www.niid.go. i H, jul.html

2020 2019 2018 2017

(G¥) &P OFarrington & EuroMOMOIE. Zh ZFh KECDC &I CDCHHETE ik

EIZW)#E;E?:T,% RROMBE R

ARHEARIBE D (LERIF2020F1ANS6AET, FEHTHH)
c BAZE. RERADKENFES LEOFMUESH - BRIUEL,
BhEY 2 BAIERE DMl - BHIICH T2 BAN, b BBRCHERE
IZRYEIZDNTOHMR - AHHT+5,
A4 FEOHIZHL, BBRECITAENREF TR, i - BROBZE
TEmME] THERRTAE,
R4 FEOFIHL. FHiEA Vo ILT O F OB (BE) tRRTAE,

99

17



