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Supplementary appendix to Estimating global and regional
disruptions to routine childhood vaccine coverage during the
COVID-19 pandemic in 2020: a modelling study

This appendix provides more detailed methodology and supplemental figures, tables, and results for
"Estimating global and regional disruptions to routine childhood vaccine coverage during the COVID-19
pandemic in 2020: a modelling study.” Portions of this appendix have been adapted from Galles and
colleagues,* and as well as Zheng and colleagues.? References are provided for adapted sections.
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Section 1: Compliance with Guidelines for Accurate and Transparent Health
Estimates Reporting (GATHER)

Item #

Checklist item

Description of Compliance

Objectives and funding

1 Define the indicator(s), populations (including age, | Introduction (main text)
sex, and geographic entities), and time period(s) for
which estimates were made.

2 List the funding sources for the work. Funding

Data Inputs

For all data inputs from multiple sources that are synthesized as part of the study:

data can be efficiently extracted (e.g., a spreadsheet
rather than a PDF), including all relevant meta-data
listed in item 5. For any data inputs that cannot be
shared because of ethical or legal reasons, such as
third-party ownership, provide a contact name or
the name of the institution that retains the right to
the data.

3 Describe how the data were identified and how the | Vaccine delivery and coverage (main text); Data

data were accessed. inclusions and exclusions (Supplementary
Appendix [SA] section 2.1)

4 Specify the inclusion and exclusion Vaccine delivery and coverage (main text); Data
criteria. ldentify all ad-hoc exclusions. inclusions and exclusions (SA section 2.1)

5 Provide information on all included data sources Vaccine delivery and coverage (main text); Data
and their main characteristics. For each data source | inclusions and exclusions (SA section 2.1); List
used, report reference information or contact of included data sources provided through
name/institution, population represented, data GHDx link (upon publication); Supplementary
collection method, year(s) of data collection, sex table s1
and age range, diagnostic criteria or measurement
method, and sample size, as relevant.

6 Identify and describe any categories of input data Vaccine delivery and coverage (main text);
that have potentially important biases (e.g., based Limitations (main text); Data inclusions and
on characteristics listed in item 5). exclusions (SA section 2.1)

For data inputs that contribute to the analysis but were not synthesized as part of the study:
7 Describe and give sources for any other Human mobility (main text); GBD Vaccine
data inputs. Coverage Estimates and Estimation of expected
2020 coverage in the absence of COVID-19 (SA
sections 4.6 and 4.7)
For all data inputs:
8 Provide all data inputs in a file format from which Data inputs and metadata (or, for inputs that

cannot be shared due to data use restrictions,
relevant contact information) will be available
through GHDx upon publication

Data analysis

9

Provide a conceptual overview of the data analysis
method. A diagram may be helpful.

Methods (main text); Spline cascade for
continuous data and Modelling equations (SA
sections 3 and 4.1)




10 Provide a detailed description of all steps of the Methods (main text); Data processing, Spline
analysis, including mathematical formulae. This Cascade for Continuous Data, and Modelling
description should cover, as relevant, data cleaning, | equations (SA sections 2, 3, and 4.1)
data pre-processing, data adjustments and
weighting of data sources, and mathematical or
statistical model(s).

11 Describe how candidate models were evaluated and | Spline parameter sensitivity analysis (SA
how the final model(s) were selected. section 4.5)

12 Provide the results of an evaluation of model Estimating disruptions of routine immunisation
performance, if done, as well as the results of any attributable to COVID-19 (main text); In-sample
relevant sensitivity analysis. validation, Out-of-sample validation, and Spline

parameter sensitivity analysis (SA sections 4.3-
4.5)

13 Describe methods for calculating uncertainty of the | Estimating disruptions of routine immunisation
estimates. State which sources of uncertainty were, | attributable to COVID-19 and Estimating
and were not, accounted for in the uncertainty monthly number of children missing vaccine
analysis. doses (main text); Uncertainty quantification,

Uncertainty estimation, and GBD Vaccine
Coverage Estimates (SA sections 3.5, 4.2, and
4.6)

14 State how analytic or statistical source code used to | Available through GitHub link (upon
generate estimates can be accessed. publication)

Results and Discussion

15 Provide published estimates in a file format from Available through GHDx (upon publication)
which data can be efficiently extracted.

16 Report a quantitative measure of the uncertainty of | Results, Figure 2, Figure 3, Table 2 (main text);
the estimates (e.g., uncertainty intervals). Supplementary table s2

17 Interpret results in light of existing evidence. If Discussion (main text)
updating a previous set of estimates, describe the
reasons for changes in estimates.

18 Discuss the limitations of the estimates. Include a Limitations (main text)
discussion of any modelling assumptions or data
limitations that affect interpretation of the
estimates.

Section 2: Data processing

Section 2.1: Data inclusions and exclusions

Supplementary table 1 details all sources included in the analysis, including data from the Asociacion
Espafiola de Vacunologia,® DHIS-2 in Nepal,* HMIS in India,® NCIRS in Australia,® NHMIS in Nigeria,’
Public Health England,® Public Health Scotland,® Scientific American,'® Virginia Mercury,** and data
reported by countries to WHO Regional Offices.'? We included data for the first dose of measles-
containing-vaccine (MCV1) and third dose of diphtheria-tetanus-pertussis (DTP3) for 2020, using 2019
and/or January-February 2020 as the reference period.



Data were found through internet searches and professional contacts. We also reviewed all of the studies
in a systematic review® and a curated list of relevant publications* for data that met inclusion criteria.

For the data that national governments reported to WHO regional offices, we calculated monthly
cumulative disruption ratios (CDRs) based on the monthly number of doses administered in 2019-2020.
For several countries in Africa (N = 22) we were missing monthly doses delivered for September-
December of 2019. We imputed values for these months by subtracting the sum of all available monthly
values of doses delivered (January — August) from the total annual 2019 doses delivered as reported to the
WHO via the Joint Reporting Form*® and dividing by 4 to create a monthly average estimate number of
doses delivered in the last quarter of 2019.

After imputation, we calculated 1402 CDRs. We excluded CDRs that did not align with qualitative
sources of disruption data,'®"8 likely included bias in the final month due to reporting delays, or
countries for which we had an alternative source of administrative data. Exclusions are detailed in the
figure below:

1402 CDRs calculated from data
reported to WHO Regional offices

Exclude CDRs that did not align with
gualitative sources (N = 168; MCV1 in
Central African Republic, Kenya, Exclude CDRs that may include bias due to reporting delays (greater than
Lesotho, Namibia, Senegal, Somalia, s IEN0% drop from second-to-last to last-month of data, ratio of 2020 to 2019
Tanzania; DTP3 + MCV1 in Burkina doses delivered) (N = 25; DTP3 + MCV1 for Cabo Verde in May,
Faso, Chad, Nicaragua, South Sudan, Sri Barbados and Ghana in September, Seychelles and Zambia in November,
Lanka, Thailand, Togo, and Venezuela) Botswana, Congo, Malawi, and Syrian Arab Republic in December;
DTP3 for Costa Rica in June, Antigua and Barbuda in September, and
Saint Lucia in September; and MCV1 for Indonesia in May, Madagascar
and Uganda in November, and Equatorial Guinea in December)

Exclude CDRs from countries for which we
have an alternative source of administrative
data to calculate CDRs (N = 30; India, Nepal,
and Nigeria)

1179 CDRs remaining from the data
reported to WHO Regional offices

We decided to incorporate the adjustment for reporting delays after seeing evidence of lagged reporting
across sequential releases of administrative data. In several countries, we saw evidence of under-reporting
in the last month of available data, suggested by low numbers of doses delivered in an early data release
that were adjusted upwards in a subsequent data release. As a result, we decided to exclude any CDRs
from the terminal month of the time series where we saw a decrease of greater than 20% between the
2020 to 2019 ratio calculated for the second-to-last month of data compared to the ratio calculated for the
last month of data.



Additionally, we conducted a sensitivity analysis, excluding all last months of data from the
administrative data reported to WHO Regional offices to understand the potential impact on our results.
Results from this analysis are provided in section 4.5.

The following table details the data included by Global Burden of Disease (GBD) super-region:

Number of Number of CDRs
GBD super-region countries
(number of with data,
countries) N (%) Mar Apr May | Jun | Jul | Aug | Sep | Oct | Nov | Dec
Central Europe,
eastern Europe, and 1 (3%) 2 2 0 0 0 0 0 0 0 0
central Asia (29)
High-income (36) 6 (17%) 46 40 10| 10| 10 8 8 4 4 4
éztr'irt‘)g;“nergg)a”d 26 (79%) 52 52| 52| 51| 44| 42| 36| o| o o
norh ?éggféri‘; 5 (24%) 10 10| 10 10| 10| 10| 8| 8| 8|
South Asia (5) 5 (100%) 10 10 10| 10 4 4 4 4 4 4
Southeast Asia, east
Asia, and Oceania 11 (32%) 22 20 13| 13 4 4 4 4 2 0
(34)
(ng)'sahara“ Alrica 40 (87%) 73 73| 71| 71| 71| 71| 67| 63| 53| 13

Section 2.2: Imputation for missing vaccines
In location-months missing one of the two vaccines, due to data exclusions or missingness, we calculated
CDRs based on the available vaccine and the ratio of CDRs for DTP3 and MCV1.

For Antigua and Barbuda, Costa Rica, Equatorial Guinea, Indonesia, Madagascar, Saint Lucia, and
Uganda, we had overlapping data of both vaccines to calculate location-specific ratios, MCV1 over
DTP3, of 1.27, 0.57, 1.16, 1.03, 1.13, 0.92, and 1.03 respectively. To impute for Alabama (USA), Central
African Republic, Kenya, Lesotho, Namibia, Senegal, Somalia, and Tanzania, we calculated a global ratio
based on 608 pairs in 90 locations; the average disruption ratio was 1.01 for MCV1 to DTP3.

Section 2.3: Data variance calculations

For each data point, we assigned a weight in the model equal to the inverse variance of the log ratio.*® For
sources that provided monthly doses in 2019 and 2020 (DHIS-2 in Nepal,* HMIS in India,® NHMIS in
Nigeria,” Public Health England,® Public Health Scotland,® and WHO Regional Offices!?), we calculated
the variance of the log cumulative ratio for month, m, with the following formula:?

1

number of doses delivered Jan — Feb 2019
1

* number of doses delivered Jan — Feb 2020
1

* number of doses delivered Mar —m 2019
1

* number of doses delivered Mar — m 2020

Var(log(CDR)) =




By using this formula, the variance decreased over time as the number of doses increased. While this
method provides a quantitative estimate of the variance for each administrative data point, it is difficult to
fully quantify all potential sources of uncertainty in administrative data systems (i.e. due to variation in
the reliability of administrative reporting systems). For instance, estimates calculated based on
administrative data in large population countries had implausibly small variance due to the high number
of vaccines administered. We therefore set a monthly minimum and maximum on the standard error of
the log ratio, equal to the 20" and 80" percentiles of all available data by month. We used September
quantities for October-December, only calculating values for months with at least 100 CDRs. This
minimum affected the standard error of all 20 CDRs from the NHMIS data,” 256 CDRs from the WHO
Regional Office data,*? and all 8 CDRs from the India HMIS data,® while the maximum affected 238
CDRs from the WHO administrative data.'?

Month N Median SE 20% percentile SE 80 percentile SE
March 177 1.46 * 102 6.58 * 10 5.14 * 10
April 175 1.23 * 102 5.47 * 107 4,27 *107?
May 164 1.03 * 107 4.99 * 103 3.92 *107?
June 163 0.96 * 1072 4.61*10° 3.73*1072
July 141 0.92 * 1072 455 *103 3.41*107?
August 139 0.89 * 10? 4.41*10° 3.35*107
September 127 0.87 * 102 4.41* 10 2.79 * 102

For estimates without sample size or sufficient information to calculate the variance, we imputed the
median of the standard error of the log cumulative ratio by month for sources based on administrative
data, electronic medical records, and immunization registries (N = 18, sources: Asociacién Espafiola de
Vacunologia® and NCIRS in Australia®) and the 80" percentile of the standard error of the log CDR by
month for sources published in news media (N = 58, sources: Scientific American® and Virginia
Mercury!t). We used September quantities for October-December.

Section 2.4: Subnational data

In Spain, the United Kingdom, and the United States of America, there were not sources of nationally-
representative data, but we did have access to data from some administrative regions in Spain, Scotland
and England of the UK, and several US states (supplementary table 1). Because we had mobility
disruption data aligned to these subnational locations, we included all subnational-level data in the step 1
national model for the corresponding country. For example, paired observations of vaccine coverage and
mobility disruptions from US states were included in the step 1 model for the US to inform the
relationship between vaccine CDRs and cumulative mobility disruptions (figure 2).

In the step 2 model of residuals, we only included data at the national level. In the US and the UK, the
locations included represented over 50% of the national population; we population-weighted the available
subnational CDRs to calculate approximate national-level CDRs for each month. The residuals were
calculated at the national level as inputs to the step 2 model. For Spain, the available data did not provide
sufficient coverage of the national population, so we elected to use the location-specific step 1 model and
the super-region step 2 model to make estimates in Spain



Section 2.5: Data coverage

The following table enumerates the data coverage for both routine immunisation (RI) disruptions (rows)
and mobility data (columns). It displays the number of countries and the fraction of the target population
that fall into each data-availability category. We have mobility data in 69% of countries (n=134),
accounting for 87% of the target population for both DTP3 and MCV1. The majority of children in the
target populations for each vaccine live in countries where we have data on both changes in human
mobility and RI disruptions. Less than 4% of children in the target population live in countries where we
have data on neither.

Mobility Number of Fraction of target population | Fraction of target population
data countries DTP3 MCV1
Yes [ No | Total | Yes | No | Total | Yes | No | Total
RI Yes 60 34 94 57.5% 9.3%  66.8% 57.3% 9.2%  66.6%
data No 74 36 100 29.4% 3.8% 33.2% 29.5% 3.9% 33.4%
Total | 134 70 194 | 86.9%  13.1% 100.0% | 86.9%  13.1% 100.0%

Section 3: Spline cascade for continuous data

Section 3.1: Spline modeling?
In this section we discuss spline models for dose-response relationships. For general background on
splines and spline regression see various sources.?-22

A spline basis is a set of piecewise polynomial functions with designated degree and domain. If we denote
polynomial order by p, and the number of knots by k, we need p + k basis elements s}’, which can be
generated recursively as illustrated in the figure below.
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Recursive generation of bspline basis elements (orders 0, 1, 2).



Given such a basis, we can represent any dose-response relationship as the linear combination of the
spline basis elements, with coefficients B € RP**:

p+k

HCEWIELG (1)
=1

These coefficients are then inferred by the cascade model as discussed in section 3.4. An explicit
representation of (1) is obtained by building a design matrix X. Given a set of t values at which we have
data, the jth column of X is given by the expression

Sjp(to)
X,j=1| : (2)
57 (t)

The model for direct observations of data coming from (1) can now be written compactly as

y=Xf +e

Section 3.2: Linear mixed effects model with constraints and priors
We consider the following linear mixed effects model:

Vi =Xi(B) +Zju; + ¢
w~NQO,T), T=diagy), e~N(O,A) )

where y; € R™ is the vector of observations from the ith study or source, €; € R™ are measurement
errors with given covariance A, u; € R*vare independent random effects, and Z; € R™>*v is a linear map,
and g are regression coefficients.

The linear mixed effects model can be extended to incorporate nonlinear inequality constraints
CoH < c,
where 8 = (B,y).
We also allow priors on parameters of interest. We assume that priors are given by a functional form
6~ exp(—p(6))

The likelihood problem is then augmented and fit as described elsewhere.?

Section 3.3: Spline constraints
Using the constraints framework, we can impose shape constraints such as monotonicity, concavity, and
convexity on splines.



Monotonicity. Spline monotonicity across the domain of interest follows from monotonicity of the spline
coefficients.?? Given coefficients 8, the curve f(t) in (2) is monotonically non-decreasing when

1< Bp<-= Pn
and monotonically non-increasing if
P12 P22 2 P

These are all linear inequality constraints, so easily incorporated into the framework of previously defined
formulations for trimmed constrained mixed effects models.?

Convexity and concavity. For any twice continuously differentiable function f : R — R, concavity and
convexity are captured by the signs of the second derivative. Specifically, f is convex if f"'(t) > 0
everywhere, and concave if f"'(t) < 0 everywhere. We can compute f''(t) for each interval, and impose
linear inequality constraints on these expressions.

Rate constraints using derivatives. When fitting splines, it is useful to impose the constraint that point-
wise rates of change are below plausible limits. The derivative of a spline is a linear function of the spline
coefficients.?? Therefore such a constraint is simply written as

XpB <L
where X;, depends on the point in the domain as explained by (2), and L is the biologically plausible limit.

Enforcing linear tails. For large consumption with little data, we need the capacity to ensure that the last
segment of the spline is linear, with slopes that match the adjacent segment at the knot. The estimated
spline is then a best fit to the data, subject to this specification. Priors on the tails can also be provided.

Section 3.4: Cascade concept and notation
We develop notation and technical specification for a general cascade strategy useful for hierarchical
models. We first set up a notation to explain the structure of the estimation.

Groups and levels. We are given a dataset consisting of tuples (y, x), levels £ € {1,2, ... L}, and groups
i =1,..,N. Forexample, in the figure below, there are three levels and nine groups. In global health,
level 1 may represent global data, level 2 may correspond to the super-region, and so on.

O \®

Example of a 3-level cascade with 9 groups
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Every datapoint is associated to k groups, one at each level of the hierarchy. For example, in the figure
above, all datapoints corresponding to group 8 at level 3 also belong to group 4 at level 2 and to group 1.

We let I, enumerate groups i at level £, with n, = |I,|, and

N = Zn{)
£

For the example in the figure above, we have I; = {1}, I, = {2,3,4}, and I3 = {5,6,7,8,9}, so that n; = 1,
nz = 3, and n3 = 5

Every group i has a unique ancestor except for the root node, whose ancestor is empty. We associate each
group to its ancestor using operator T. For the example in the figure above, we have

L={}
2r=3=4={1}
5t=61=1{2},71 ={3},8=9; = {4}

Modeling cascade. For every level £ we fit n; models, where for each i € I, we consider data associated
with that group. We indicate the level £ using superscript notation.

vi=XIBl+ef,  el~N(0,z) (4)

We also allow level-specific priors on 8f, which are informed by estimates from the parents:
Bl = BT vl Vi~ NV

For the special case of £ = 1, we allow priors to be specified by the user. We also constrain g at all levels
to lie in a set Q, specified by equality and inequality constraints.

Translating to statements using negative log-likelihoods, for each group i we fit the model
Bl = argming(B; yi,20) +p(B: B AV

In words, every group’s fit is informed by data associated to that group along with priors whose mean and
variance are obtained from those of the parent. The prior is allowed to depend on the level as well as on
the parent, so that level-specific tuning parameters can be incorporated.

Gaussian example. The most common context is that of the Gaussian model (4), where we have

A 1 - 1 A - A
Bt = argminz (vf — x(B) (1) Of ~X{B) + 5 (BB ()T B- B O

The design matrices Xf may represent linear covariates as well as splines, which are explained in section
3.1

1"



Section 3.5: Uncertainty quantification

Approximate posterior uncertainty intervals can be computed for any level of the cascade using
asymptotic statistics. This approach is computationally efficient but does not incorporate constraints used
to define the spline.

For the key example (5), the posterior variance estimate for Bf is given by

-1 -1
Var(/?f):(xf(zf) Xi+ 53 (V*’ ! )

The approximate asymptotic uncertainty is used to inform more detailed uncertainty quantification
procedures as described in section 4.2.

Section 4: Model details

Section 4.1: Modelling equations

We modeled the relationship between human mobility and the decrease in DTP3 and MCV1 vaccine
coverage with two steps of a cascading random spline model with the Meta-Regression Bayesian,
Regularized, Trimmed tool (MR-BRT).2 In step 1 we used the following set of equations to estimate the
average relationship between the cumulative disruption ratio, CDR, and the cumulative mobility, mob:

Step 1: Disruption versus Mobility

Stage 1

Global model log(CDRm_,,‘C) ~ spline(mobm_c) * 31
Stage 2 log(CDRm,v,C) ~ Spline(mobmlc) * By
Super-region model Bir~N(Byi,0.,2%])

Stage 3 10g(CDRyy, ¢ ) ~ spline(moby, ) * By v
Super-region-vaccine model Bivr~N(Bir 0152 %])

Stage 4 log(CDRm,v,c) ~ Spline(mObm,c) * ﬁl v,Cc
Location-vaccine model Bive~NPBivr 01pc2*])

Where m is the month, v is the vaccine — DTP3 or MCV 1, r is the super-region, and c is the country. In
stage 1 we fit a global model to all available ratios. We fit a cubic spline with a linear tail on the right side
to the natural log of the ratio. We did not include an intercept, forcing the spline to intersect 1 (no
disruption in vaccine coverage) at a mobility value of 0 (no change from baseline mobility). We also
implemented a monotonicity prior, reflecting our prior assumption that vaccine coverage decreases as
mobility decreases.

Each stage fit the same model to a subset of data, leveraging the estimates from the previous stage as a
prior on the subsequent stage. In this way, the global model informed the super-region models; the super-
region model informed the super-region-vaccine-specific model; and the super-region-vaccine-specific
model informed the location-vaccine-specific model.

In the equations above, items in bold (B) represent matrices, and I is the identity matrix. Other values
including (CDR, mob, and o) are vectors, and N () represents the Gaussian distribution. The notation
spline() refers to the design matrix described in section 3.2 equation 2.

12



While the step 1 model estimates the average relationship throughout the pandemic, it fails to account for
the dynamic country-response over time. In step 2, we estimated the deviation from the average
relationship over time by calculating the residuals between the data and model predictions over time. We
used the following set of equations to estimate the residual, r, by month, m:

Step 2: Residuals over time

Calculate Residuals Tmw,e = 10git(CDRy ) — L0Git(Dmup,c)
Stage 1 rm,v,c“'spline(m) * By + Bo+uc
Global model uc ~N(0,05 )

Stage 2 Tmp,c~Spline(m) x B, 42- Bor + Uy
Super-region model Bz2r ~N(B: '025 1)
ucr ~ N(0,03,)
Tp,e~Spline(m) * By + Bovr + Ucpr
B- ar ™~ N(B;r, 0, v,rz * I)
Ucpyr ~ N(O: O_??v,r)

Stage 3
Super-region-vaccine model

Stage 4 Tmuv,c™ spline(m) * B, ve T Bo v,c
Location-vaccine model B2vc~N(B2yr 07 U_CZ * 1)

Where m is the month, r is the residual in logit space, and p is the prediction from the step 1 stage 4
results. Again fitting separate models by vaccine, we fit a global model to all available residuals, using a
guadratic spline with linear tails. We included an intercept, S, in all three stages and a location random
effect, u,, in stages with multiple locations (1-3).

When calculating the residuals we capped the residuals at the 90" percentile of the observed values (and
set a minimum at the negative of this value) to reduce the influence of extreme observations. We
calculated the standard error by a series of two delta transformations, converting the standard error of the
log CDR first to linear space and secondly to logit space. Due to extreme values in these standard errors,
we set bounds at the 25" and 75" percentiles of the standard errors.

For both steps we selected knots by taking evenly spaced quantiles of the dependent variable at the global
level. For step 1 the knots fell at cumulative mobility disruptions of 0.16, 0.23, 0.30, and 0.40, and for
step 2 the knots fell at 4, 6, and 8 (ie, April, June, and August).

We manually selected several other parameters to inform the spline models. Theta is a parameter that
informs the strength of the prior when moving from one stage to the next in each step of the cascade. For
step 1 we selected thetas of 4, 1, and 100 when moving between stages 1 and 2, stages 2 and 3, and stages
3 and 4, respectively. For step 2, we selected thetas of 20, 1, and 100. A smaller theta leads to a larger
emphasis on the g from the earlier stage of the model in the estimation of g for the next stage. We also
placed a prior on the maximum derivative of each spline segment with a Gaussian distribution with a
mean of zero and standard error of one for step 1, stages 1-4. In step 2 we trimmed 10% of the data in the
stage 1 model. In stages 2-4, we set a prior on the maximum derivative of each spline segment with a
Gaussian distribution with a mean of zero and a standard error of 0.2. For the slope of the right linear tail
in step 2 stages 2-4, we set a prior based on the slope value estimated in the step 2 stage 1 model: a
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Gaussian distribution with a mean of -0.013 and a standard error of 0.2. This prior prevented extreme
trends in the residuals in locations without data to support such trends.

We ran sensitivity analyses to examine the choice of thetas and strength of the Gaussian derivative prior.
These results are provided in section 4.5.

In 94 countries with available data, we fit each step using the S estimates from each stage as a prior for
the subsequent step, such that the estimates for the super-region drew strength from the global model, and
the country-specific estimates drew strength from the regional and global models. The country-specific
splines, therefore, only varied from the shape and magnitude of the global model if there was sufficient
evidence to suggest a deviation.

In order to account for catch-up vaccination, we estimated all models in cumulative space from March 1,
2020. We chose March 1 because nearly every country experienced effects of COVID-19 on mobility by
March. By using a log transformation and a monotonicity constraint in the step 1 model and a logit
transformation in the step 2 model, we constrained the cumulative disruption between 0 and 1; therefore,
in any one month, a country can exceed the expected rate of vaccine delivery (e.g. successfully
implementing catch-up vaccination), but over time the estimated total vaccine delivery cannot exceed that
expected in the absence of COVID-19.

Section 4.2: Uncertainty estimation

To calculate uncertainty intervals of disruption rates, we generated 1000 step 1 splines for each location
based on the asymptotic posterior uncertainty intervals described in section 3.5 and a lognormal
distribution. For countries with data, we generated a posterior set of 1000 splines based on asymptotic
sampling from the mean and covariance matrix of the stage 3 splines. For countries without data, we
randomly sampled with replacement from all 94 country-specific models to generate 1000 iterations. We
included a sampling weight such that countries within the same super-region were 10 times as likely to be
sampled as countries outside of the super-region.

For step 2, for 93 locations with nationally representative data, we similarly generated 1000 splines based
on the stage 4 model, relying on asymptotic posterior uncertainty intervals. For countries without data, we
generated 1000 splines from the super-region and vaccine-specific step 2 stage 3 model. Due to data
sparsity (N = 4) in central Europe, eastern Europe, and central Asia, for locations without data in this
region, we relied on the step 2 stage 1 global model to estimate the residuals.

Based on the sum of these two sets of 1000 draws in logit space, we generated estimates based on the
mean and provided 95% uncertainty intervals.
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Section 4.3: In-sample validation
For each country, vaccine, and data source combination we calculated the average vaccine disruption ratio

over the full time-period available to compare to the model results for the same location, vaccine, and
time-period, by step. We calculated the weighted mean error (WME), weighted mean absolute error
(WMAE), and root-mean-square error (RMSE) for each vaccine and step to evaluate the bias and
goodness of fits. Step 1 involved modelling the relationship between cumulative disruptions in mobility
and vaccine coverage, and step 2 incorporated residual variation. The size of each point is proportional to
the inverse variance of the log ratio, the same weights used in fitting the model and calculating the wME

and WMAE. The results are displayed in the figure and table below:
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DTP3 MCV1
wME wWMAE RMSE wME WMAE RMSE
Step 1 -3.10% 4.05% 12.10% -3.79% 5.02% 9.61%
Final Model -1.11% 1.31% 10.90% -1.67% 1.80% 7.49%
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Due to the design of our model, predictions are constrained between zero and one. This aligns with our
prior understanding that we do not believe any country would be likely to exceed expected coverage in
the absence of COVID-19 under the conditions and challenges that the COVID-19 pandemic presented in
2020. We performed the same in-sample validation but held out all cumulative ratios over 1 and found
that much of the bias (negative sign in the weighted mean error) is accounted for by CDRs over 1. The
results are enumerated in the table below, only including CDRs < 1:

DTP3 MCV1
wME wMAE | RMSE | wME wMAE | RMSE
Step 1 -2.76% 4.06% 551% | -3.01% 4.65% 5.89%
Final Model -0.27% 0.55% 1.17% | -0.36% 0.55% 1.03%

Section 4.4: Out-of-sample validation

We conducted two out-of-sample validation analyses to understand A) model performance when
projecting to future months in locations with a partial time-series and B) model performance in locations
without data. We used a stratified random sampling procedure to generate 20% holdouts, stratified by
super-region.

In the first analysis, we aimed to estimate model performance when projecting in locations where we do
not have a full time series (March-December) of data. First, as described above, we created a cross
validation environment by generating 5 randomly selected holdout groups of countries, stratified by
super-region. In each holdout group, we first withheld the last month of data from each country and ran a
model. We then progressively held additional months of data, re-running models to produce out-of-
sample estimates for each country. This produced 9 sets of out-of-sample validation models, withholding
the terminal 1, 2, 3, ..., and up to 9 months of data, respectively. For each country, we then compared the
CDR from the terminal month in the full dataset to the out-of-sample predicted CDR for the same month
after withholding n months. In this comparison, we only included countries for which we had at least 1
month of national-level data included in the model after holdouts. For example, 90 countries had national-
level data for at least two months (March and April), so when dropping n=1 month of data, 90 countries
were included in the comparison. Meanwhile, 43 countries had national-level data for at least 8 months
(through at least October), so when dropping n=7 months of data, 43 countries were included in the
comparison.

In the following plots, we show the number of countries (N), weighted mean error (WME), weighted

mean absolute error (WMAE), and the root mean square error (RMSE) for each vaccine across the number
of months withheld. We used the inverse variance of the log ratio as weights to calculate WMAE and
WME. As expected, the WMAE are lowest when only withholding one month of data (n = 1), but the
results remain fairly consistent as n increases, even when we withhold the terminal 7+ months of data.
This analysis suggests that our model performs well when projecting forward into time for countries
where we only have a partial time-series of data included in the analysis.
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As previously discussed in section 4.3, the design of the model constrains CDRs between zero and one.
As in section 4.3, we performed a sensitivity analysis to evaluate the influence of this constraint on model
fit, calculating out-of-sample WMAE, wME, and RMSE only for countries with CDRs < 1. This
sensitivity analysis resulted in WME values closer to zero, suggesting that the negative bias is at least in
part attributable to the presence of CDRs < 1 in the original dataset.
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In the second analysis, we relied on the same stratified random sample of 20% holdouts but held out the
entire time-series for each country in the group. This analysis serves to evaluate the performance of the
model in locations where we have no data. Predictably, the model performance decreases in the absence
of any data. This model is depicted in the figure below:
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Data

As the plot above illustrates, the out-of-sample model predictions tend to fall in a narrower range than the
withheld data. Given the hierarchical nature of our model, this is to be expected: when no vaccination
disruption data is available for a given country, the model uses the super-regional relationships between
mobility and coverage disruption (from step 1 and step 2 of the model), along with country-specific
mobility data, to predict disruptions. Within each out-of-sample model, all withheld countries for each
super-region will therefore use these same super-regional relationships, with additional variation coming
only from the withheld countries’ mobility patterns. This process borrows strength within super-regions
to produce predictions in countries without data, but as shown here may underrepresent true country-level
variability in disruption. When aggregating to global or super-regional estimates, however, countries with
under-estimated disruptions may be offset by countries with over-estimated disruptions during the
aggregation process, as long as the model is generally unbiased.

We again repeated the same full-country-exclusion out-of-sample validation analysis excluding all CDRs
over 1, as described for the partial-time-series out-of-sample validation analysis above and the in-sample
validation analysis in section 4.3. Again, we find that much of the negative bias in this out-of-sample
validation exercise can be attributed to the presence of CDRs > 1 in the original dataset. The results of
this analysis are provided in the table below:

DTP3 MCV1
wME WMAE RMSE wME WMAE RMSE

All CDRs

n=91, DTP3 -2.00% 9.02% 19.20% -7.50% 13.2% 19.50%

n=91 MCV1
CDRs <1

n =59, DTP3 2.09% 7.56% 11.10% -3.81% 11.4% 14.00%

n=62 MCV1
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The majority of children eligible to receive doses of DTP3 and MCV1 live in countries with at least a
partial time series of data (the scenario evaluated in the first of these out-of-sample validation analyses).
Globally, two out of every three children in the target populations for each DTP3 and MCV1 live in one
of the 94 countries that have data included in this analysis. The following table details the fraction of the
target population for each antigen who live in countries with data included in the analysis, globally and by
GBD super-region:

Fraction of the target population living in a

country with data included in the analysis
Location DTP3 MCV1
Global 66.8% 66.6%
Central Europe, eastern Europe, and central Asia 1.6% 1.5%
High-income 49.6% 49.3%
Latin America and Caribbean 37.8% 37.6%
North Africa and Middle East 39.0% 38.4%
South Asia 100.0% 100.0%
Southeast Asia, east Asia, and Oceania 34.1% 34.1%
Sub-Saharan Africa 93.0% 93.0%
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Section 4.5: Spline parameter sensitivity analysis
We ran the following sensitivity analyses to understand the impact of the spline parameters on the results:

of admin data reported to
WHO

DTP3 MCV1
Global Global
annual annual
relative relative
disruption disruption
(95% (95%
Uncertainty Uncertainty
Analysis description Interval) wME wWMAE | Interval) wME wMAE
Manuscript analysis
Thetas:
Step 1: 4, 1, 100
Step 2: 20, 1, 100 17% | . ..9 o 79% | . . o
Maximum derivative (6.0—10.1) 1.11% 1.31% (5.2—11.7) 1.67% 1.80%
SE:
Step1l:1
Step 2: 0.2
Greater influence of
global and regional
0, 0
?ﬁg‘;’g G 7_7'91£ L26% | 149% | o 0_?'2“?{‘)’ 2.06% | 2.17%
Step 1: 2, 0.5, 50
Step 2: 10, 0.5, 50
Weaker influence of
global and regional
models 82% | . ~70 0 83% | . a0 0
Thetas: 6.0—114) | L% 128% | g5 453 -161% ] 176%
Step 1: 8, 2, 200
Step 2: 40, 2, 200
More flexible
Maximum derivative
. 75% | 4 o00 0 79% | . o 0
gtEep s (5.2—10.7) 0.92% 1.18% (6.2—10.6) 1.55% 1.73%
Step 2: 0.4
Less flexible
Maximum derivative 0 0
SE: 8.7% -1.49% 1.68% 8.7% -1.99% 2.13%
Step 1: 0.5 (7.0—11.4) (6.1—13.3)
Step 2: 0.1
Examining bias
correction
. 88% | .o 0 9.3% | . o 0
Dropping all last months (6.9—11.5) 1.01% 1.25% (6.5—13.8) 1.65% 1.87%

As shown in this table, the global results were only somewhat sensitive to these model parameters.

Though some settings (weaker influence of global and regional models and more flexible splines)

improved in-sample validation criteria (WME and wWMAE), increased model flexibility raises the risk of
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overfitting available data. The values selected in the manuscript analysis balanced our prior expectations
and global trends with location-specific results to ensure outliers did not overly influence the model.

The final row of the table presents a sensitivity analysis conducted to examine the potential effects of bias
due to reporting delays in the last month of administrative data reported to the WHO regional offices. In
the primary analysis, we attempt to limit the effects of this bias by excluding particular countries with
evidence of large decreases (greater than 20%) in the last month of available data (section 2.1). To
understand the impact of this strategy and to understand the potential impact of reporting delays, we re-
ran the analysis dropping all data from the last month reported to the WHO regional offices. The results
were fairly robust to this change with an increase in the global annual disruption of about 1% for both
antigens; uncertainty intervals for the primary (manuscript) analysis and sensitivity analysis broadly
overlapped. Eliminating the last month of data for all countries in this sensitivity analysis systematically
excludes data points that suggest ongoing catch-up vaccination and/or recovery of services in the latter
months of 2020. This sensitivity analysis therefore results in a larger disruption estimate (and potential
over-estimation of the true magnitude of disruption) compared to the primary analysis presented in the
manuscript.

Section 4.6: GBD vaccine coverage estimates®

Annual estimates of childhood routine vaccination coverage, including DTP3 and MCV1 are produced as
part of the larger Global Burden of Diseases, Injuries, and Risk Factors Study (GBD).2-2° The
methodology for producing these estimates has been described elsewhere in detail and is adapted below.*

Vaccination coverage was defined as “the proportion of children that received at least the stated number
of doses (e.g. DTP1) from a routine immunisation delivery system.”* The GBD estimates leveraged
survey microdata from children ages 12 months through 59 months, survey report data in the absence of
microdata, and bias-adjusted official country-reported estimates available from the 2020 Joint Reporting
Form (JRF).? We excluded doses delivered through vaccination campaigns whenever possible. Data was
assigned to year of expected delivery using national immunisation schedules from the JRF,?® assuming
negligible effects of any catch-up vaccination, migration, or differential mortality in older age cohorts. In
addition to direct coverage data, data on country-reported stockouts or disruptions to routine delivery
were also incorporated.t® These data were used to compute a covariate used in modelling which captured
the expected magnitude of delivery disruption proportional to the change in bias-adjusted official country-
reported data in years when a reported stockout was matched by a decrease in reported coverage.

Spatio-temporal Gaussian process regression (ST-GPR) was the primary modelling tool used for this
analysis. Details on ST-GPR estimation for the GBD has been described elsewhere.?* In brief, ST-GPR is
a stochastic modelling framework designed to incorporate diverse input data and predict over space and
time. It uses a selected linear regression as the basis of every model, followed by locally-weighted
regression (LOESS) to smooth and minimise prediction error, then Gaussian process regression (GPR) to
predict smoothed estimates over space and time while accounting for underlying data uncertainty. DTP3
and MCV1 were informed by the following linear model:

logit(F:(t)) = Bo + lngAQc,t + :Bzwarc,t + :835t0Ck0utc,t +ac+ VR[c] + WsR(c] t+€ct

where P (t) is vaccination coverage for country c year t; HAQ, ., is value of the health care access and
quality (HAQ) index?’ for country c and year t; war, is log-transformed mortality rate due to acute war
and terror events; stockout_ . is value of the vaccine stockout covariate for country c and year ¢t; and «a,
Yr[c]» @nd wgg(¢) are nested country, region, and super-region random intercepts, respectively.
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From the DTP3 and MCV1 models, respectively, we obtained 1,000 samples (draws) from the posterior
distribution of coverage. Draws were summarised to produce mean estimates of annual vaccination
coverage complemented by 95% uncertainty intervals based on the 2.5 and 97.5" ordinal draws.
Estimates were produced globally for 204 countries and territories, 1980 to 2019.

Section 4.7: Estimation of expected 2020 coverage in the absence of COVID-19

Using the ST-GPR estimation framework described in section 4.6 above, we assumed that in the absence
of COVID-19, country-specific national coverage trends estimated from 1980-2019 were expected to
continue in the absence of the pandemic. In order to produce these estimates, we fit ST-GPR models to
available vaccine coverage data from 1980-2019 as described above. We then used the fitted models to
produce predictions for 2020, using modeled estimates of the HAQ index in 2020 — representing expected
values of HAQ in the absence of the COVID pandemic — as a covariate. This process produced a set of
estimates of vaccine coverage in the absence of COVID-19 for 2020, assuming that past trends in
coverage (and HAQI) would have continued into the future. In the 2020 counterfactual, we did not
include effects of any national-level vaccine stockouts nor disruptions due to war and terror given the
absence of available data.
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Supplementary results

Comparing vaccine and mobility patterns

The global step 1 model of cumulative vaccine disruption versus cumulative mobility disruption
suggested steep declines in vaccine coverage at initial mobility decreases and continued declines through
the entire range of cumulative mobility disruption. Data suggested reductions in vaccine coverage even at
low levels of mobility reduction. In step 1, we found a wide range of vaccine disruption ratios across
countries with similar mobility disruptions. At a 40% cumulative disruption in mobility, DTP3 vaccine
disruption estimates across locations ranged from 20.0% of expected to no disruption, with a standard
deviation of 16.6%. For MCV1, disruption estimates ranged from 17.7% of expected to no disruption,
with a standard deviation of 18.1%.

The global step 2 model of residuals over time, suggest that recovery in vaccine delivery is outpacing that
which would be expected from the relationship with mobility alone. Though the model does not
distinguish doses delivered to children missed early in the pandemic from those delivered on schedule as
services resume, in later months, positive residuals show that disruptions tend to be smaller compared the
disruptions predicted by mobility trends. This suggests that active efforts to mitigate RI disruptions may
be helping to accelerate the pace of recovery in many locations.

Supplementary tables

Supplementary table 1. Data sources for vaccine delivery disruption and metadata. AL=Alabama.
AR=Arkansas. CA=California. CDR=Cumulative Disruption Ratio. CO=Colorado. DHIS-2=District
Health Information Software 2. DTP=diphtheria, tetanus, and pertussis. DTP3=diphtheria, tetanus, and
pertussis, third dose. FL=Florida. HMIS=Health Management Information System. |A=lowa. ID=Idaho.
IL=1llinois. KS=Kansas. KY=Kentucky. MA=Massachusetts. MCV 1=measles-containing vaccine, first
dose. MI=Michigan. MMR=measles, mumps, and rubella. MMR1=measles, mumps, and rubella, first
dose. MN=Minnesota. MR=measles and rubella. NCIRS=National Centre for Immunisation Research and
Surveillance. ND=North Dakota. NE=Nebraska. NHMIS=National Health Management Information
System. NJ=New Jersey. NV=Nevada. OK=0Oklahoma. OR=0regon. PCV3=pneumococcal conjugate
vaccine, third dose. Penta3=pentavalent vaccine, third dose; covers diphtheria, tetanus, pertussis, hepatitis
B, and Haemophilus influenzae type b. RI=Rhode Island. SC=South Carolina. SD=South Dakota.
TN=Tennessee. TX=Texas. USA=United States of America. UT=Utah. VA=Virginia. VT=Vermont.
WI=Wisconsin.

Supplementary table 2. Expected DTP3 and MCV1 coverage in the absence of COVID-19 and
estimates of disruptions and coverage attributable to the pandemic in 2020, by country. Expected
coverage was expected levels for 2020 in the absence of the COVID-19 pandemic based on past trends.
Estimated coverage reflects coverage for 2020 while accounting for estimated pandemic-related
disruptions; more detail on these methods is in the main manuscript and appendix section 4.
DTP3=diphtheria, tetanus, and pertussis, third dose. MCV1=measles-containing vaccine, first

dose. Ul=uncertainty interval.
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Supplementary table 1. Data sources for vaccine delivery disruption and metadata.

Number Reference Pandemic
Source of CDRs S le size Antigen(s) Age (months) Location(s) Data source period Reference value period Pandemic value
. . Monthly average
2 0-15 Corflmumty of Madrid, Jan 2019 — Feb number of doses Mar 2020 Mogthly number of doses
Spain 2020 .. administered
administered
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d siflacmnl sypano a 4 - N Murcia. Spain Administrative data Monthly; Mar  Monthly vaccine Monthly; Mar - Monthly vaccine
¢ Vacunologia MMR ureld, Sp — Apr 2019 coverage Apr 2020 coverage
5 0-11 Andalucia, Spain Mar 2019 Monthly vaccine Mar 2020 Monthly vaccine
0-12 coverage coverage
DTP3 aRdartrll(i)n(i,sftglfdcin Jan - Ratio of monthly doses
DHIS-2 20 2’.04.‘0’000 - Nepal Administrative data U AN =118 Feb 2020 and doses DIoiip WE adm%n}stcrcd fmd e
doses administered 2020 L . — Dec 2020 administered in the same
MCV1 administered in Jan — th of 2019
Feb 2019 monto
Ratio of doses .
DTP3 + Penta3 a;ni?n?stcrocsjin Jan — Ratio of monthly doses
48,400,000 . .. . Jan 2019 — Feb Monthly; Mar  administered and doses
HMIS doses administered Measles + MR India Administrative data 2020 Feb .20.20 and_doses —Jun 2020 administered in the same
+ MMR administered in Jan — month of 2019
Feb 2019
MMR Australia L
NCIRS 10 - 0— 14 Australia Immunization Jan — Feb 2020 zﬁ/a;:cmatlon UL E/l; 111“212/2’ éVI 4 Vaccination uptake (%)
PCV3 Register 8 4
MCV1 ?;rtli?n?sft‘ci:csjin Jan— Ratio of monthly doses
NHMIS 20 26’.0(.)0’000 - Nigeria Administrative data Jan 2019 - Feb Feb 2020 and doses Monthly; Mar adm%n%stcrcd fmd doses
doses administered 2020 L. . — Dec 2020 administered in the same
Penta3 administered in Jan — month of 2019
Feb 2019
Ratio of d .
Hexavalent 0- 6 a;rrll(i)n?stcrocsjin Jan— Lty Gimentifly eloses
. 818,000 Electronic patient ~ Jan 2019 — Feb Monthly; Mar  administered and doses
Public Health England 20 L. England Feb 2020 and doses .. .
doses administered records 2020 L. . — Dec, 2020 administered in the same
MMR 12-18 administered in Jan — month of 2019
Feb 2019
) 6-in-1 third 0-20 Scottish Average rr}on?hly )
Public Health 74,600 dose L number of children Monthly; Mar  Number of children who
20 L Scotland Immunisation and  Jan — Feb 2020 . . . .
Scotland doses administered who had received the — Dec, 2020 had received their vaccine
0- 5 Recall System .
MMRI1 vaccine
Different
antigens .
Ratio of Jan — Feb
reported for 27 states (AL, AR, CA, .
s o (CI0, TIL, 43, 11D} 1T 32022222:151);5 a \I/z:c“c(:n(;iiiizsoa? : ;g;::);nt
including all 0-18 KS, KY, MA, MI, MN.
? o Nt g e State health t of Jan — Feb f th th of
Scientific American 56 - lll e D=2 B, INIE) RE, RN T, dca :m:ms Fa2O1 Sgieb gzrlc;;nz Ja‘,;n— Fci) W ntihp LY ;018:?;1 ZeOT;) rrlnor(:thl
il ey D=2E QI I RIC, ), 1, re ported to authors 2020 2019 monthl =Lgreil vaccinations as a erce}r/n
MMR, and (state-specific) TX, UT, VT, WI) and P ORRLY P
I B vaccinations as a of the same month of
combinations Washington D.C.,
percent of Jan — Feb 2018
of 9,7, or 11 USA 2018
childhood
vaccines
Virginia M 2 B DTP 0-11 VA. USA Electmruct. Mar 2 -6, Weekly doses Weekly; Mar 9 Weekly doses
Irgtia Vereury ’ {mmunization 2020 administered ~ Apr 10,2020 administered
MMR registry
DTP3 Ut National R;m_) (_)ftdOS;? Jan — Ratio of monthly doses
WHO Regional 230,000,000 . governments Jan 2019 — Feb 2cmmsierec n Jan Monthly; Mar  administered and doses
1402 L 12 — 23 98 countries Feb 2020 and doses .. .
Offices doses administered reported to WHO 2020 . R — Dec 2020 administered in the same
MCV1 (country- regional offices administered in Jan — month of 2019
specific) E Feb 2019

AL=Alabama. AR=Arkansas. CA=California. CDR=Cumulative Disruption Ratio. CO=Colorado. DHIS-2=District Health Information Software 2. DTP=diphtheria, tetanus, and pertussis. DTP3=diphtheria, tetanus,
and pertussis, third dose. FL=Florida. HMIS=Health Management Information System. IA=Iowa. ID=Idaho. IL=Illinois. KS=Kansas. KY=Kentucky. MA=Massachusetts. MCV1=measles-containing vaccine, first
dose. MI=Michigan. MMR=measles, mumps, and rubella. MMR 1=measles, mumps, and rubella, first dose. MN=Minnesota. MR=measles and rubella. NCIRS=National Centre for Inmunisation Research and
Surveillance. ND=North Dakota. NE=Nebraska. NHMIS=National Health Management Information System. NJ=New Jersey. NV=Nevada. OK=Oklahoma. OR=Oregon. PCV3=pneumococcal conjugate vaccine, third
dose. Penta3=pentavalent vaccine, third dose; covers diphtheria, tetanus, pertussis, hepatitis B, and Haemophilus influenzae type b. RI=Rhode Island. SC=South Carolina. SD=South Dakota. TN=Tennessee.
TX=Texas. USA=United States of America. UT=Utah. VA=Virginia. VT=Vermont. WI=Wisconsin.
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Supplementary table 2. Expected DTP3 and MCV1 coverage in the absence of COVID-19 and estimates of disruptions and coverage attributable to the pandemic in

2020, by country
DTP3 MCV1
Estimated relative Estimated relative
Expected coverage in disruption Estimated coverage Expected coverage in disruption Estimated coverage
the absence of attributable to after accounting for the absence of attributable to after accounting for
COVID-19, COVID-19, COVID-19 disruption, COVID-19, COVID-19, COVID-19 disruption,
% (95% UI) % (95% UI) % (95% UI) % (95% UI) % (95% UI) % (95% UI)
Afehanistan 75.2 1.3 74.2 71.3 0.3 71.1
£ (68.7, 81.4) (1.0, 1.6) (67.7, 80.4) (59.7, 80.4) (0.2, 0.4) (59.6, 80.1)
Albania 99.8 7.5 92.4 99.0 8.4 90.6
(99.6, 100.0) (0.1,31.9) (68.0, 99.9) (97.2, 99.7) (0.1, 34.5) (64.8, 99.5)
Algeria 91.3 12.9 79.5 83.5 239 63.5
& (86.3, 94.6) (0.1,45.3) (49.8, 93.3) (71.8, 91.9) (0.1, 74.5) (21.1, 89.6)
American Samoa 95.8 2.1 93.8 96.9 33 93.8
(87.7, 99.0) (0.0, 14.5) (79.2, 98.5) (90.5, 99.5) (0.0, 21.0) (76.4, 99.1)
98.8 52 93.6 99.7 8.2 91.5
Andorra
(97.4, 99.5) (-1.1, 28.0) (71.5,100.2) (98.9, 99.9) (0.0, 48.9) (51.0, 99.9)
Ancola 41.9 0.7 41.6 56.4 42 54.0
= (33.6, 50.2) (0.3, 1.1) (33.4, 49.9) (42.4, 70.0) (3.0, 5.3) (40.6, 66.9)
. 94.1 10.1 84.6 94.5 0.0 94.5
Antigua and Barbuda (90.1, 96.7) (0.1,23.8) (71.6, 95.4) (88.5, 97.9) (0.0, 0.2) (88.5, 97.8)
Areentina 88.4 7.3 81.9 93.7 10.8 83.6
e (81.9, 93.3) (0.0,36.4) (56.0, 92.0) (86.7, 97.7) (0.0,54.3) (42.0, 96.8)
Armenia 92.1 6.4 86.2 93.1 7.3 86.3
(87.5, 95.3) (0.1,29.3) (64.9, 94.7) (87.5, 96.7) (0.1,33.1) (62.6, 95.8)
Australia 93.2 0.2 93.0 99.5 0.9 98.6
(89.1, 96.0) (0.0, 0.9) (88.9, 95.9) (98.4, 99.9) (0.1, 4.0) (95.3, 99.8)
Austria 88.9 4.7 84.7 95.7 7.3 88.7
" (82.3, 93.6) (0.0,27.9) (63.8, 92.9) (88.8, 99.0) (0.0,45.2) (53.3, 98.4)
Azerbaiian 81.7 6.4 76.5 88.2 7.3 81.8
d (74.9, 87.4) (0.1,29.3) (55.8, 86.7) (82.4, 92.6) (0.1, 33.1) (58.9, 91.5)
Bahamas 88.2 5.6 83.3 88.3 15.3 74.8
(81.5, 93.1) (4.5, 6.8) (76.9, 87.9) (78.6, 94.3) (13.6,17.1) (66.3, 80.1)
Bahrain 94.6 13.3 81.9 99.9 24.9 75.0
(91.9, 96.5) (0.1,46.2) (51.5, 95.6) (99.6, 100.0) (0.1, 75.0) (25.0, 99.8)
Baneladesh 95.2 9.9 85.8 93.5 1.4 92.1
& (91.8, 97.4) (0.8,19.3) (76.3, 94.6) (86.7, 97.4) (0.0, 3.5) (85.2, 96.5)
Barbados 91.2 13.1 79.3 98.6 3.4 95.2
(85.5, 95.1) (3.8,22.0) (69.8, 89.2) (96.9, 99.4) (0.1, 15.2) (83.2, 99.2)
Belarus 97.8 5.9 92.0 98.0 6.5 91.7
b (95.4, 99.1) (0.1,29.2) (68.8, 98.8) (95.2, 99.4) (0.1,33.3) (65.6, 99.1)
. 98.3 6.0 92.4 97.4 9.3 88.4
Belgium
(96.3, 99.4) (-2.3,31.2) (67.8,101.0) (92.9, 99.3) (0.0,51.8) (46.9, 99.2)
Belize 83.7 10.1 75.3 89.8 45 85.8
z (78.1, 88.3) (7.8,12.3) (70.0, 79.7) (81.6, 94.9) (2.8, 6.2) (77.6, 91.0)
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Supplementary table 2. Expected DTP3 and MCV1 coverage in the absence of COVID-19 and estimates of disruptions and coverage attributable to the pandemic in

2020, by country
DTP3 MCV1
Estimated relative Estimated relative
Expected coverage in disruption Estimated coverage Expected coverage in disruption Estimated coverage
the absence of attributable to after accounting for the absence of attributable to after accounting for
COVID-19, COVID-19, COVID-19 disruption, COVID-19, COVID-19, COVID-19 disruption,
% (95% UI) % (95% UI) % (95% UI) % (95% UI) % (95% UI) % (95% UI)
Benin 82.8 4.5 79.0 77.1 10.7 68.8
(74.6, 88.7) (3.9, 5.1) (71.0, 84.8) (65.4, 86.4) (10.0, 11.5) (58.5, 77.0)
Bermuda 99.2 22.4 76.9 99.8 26.5 73.3
(97.9, 99.8) (0.1,42.1) (57.4, 98.9) (99.4, 100.0) (12.6, 38.7) (61.2, 87.3)
Bhutan 99.9 0.0 99.8 99.6 0.0 99.6
" (99.6, 100.0) (0.0, 0.1) (99.6, 100.0) (98.7, 99.9) (0.0, 0.2) (98.7, 99.9)
Bolivia (Plurinational 86.6 5.9 81.5 89.2 1.2 88.1
State of) (78.6, 92.7) (4.8, 7.1) (73.9, 87.3) (79.8, 95.0) (0.0, 2.4) (78.9, 93.9)
Bosnia and 78.1 6.5 73.0 68.9 7.4 63.8
Herzegovina (67.6, 85.9) (0.1,29.9) (53.4, 84.5) (51.5, 83.3) (0.1, 33.9) (38.9, 79.9)
Botswana 79.9 0.1 79.8 89.6 0.4 89.2
(72.4, 86.0) (0.0, 0.5) (72.3, 86.0) (79.1, 95.6) (0.0, 1.1) (78.9, 95.2)
Brazil 83.6 4.0 80.3 99.9 7.1 92.8
“ (77.4, 88.8) (0.0, 16.4) (69.0, 87.9) (99.6, 100.0) (0.0, 28.0) (71.9, 99.9)
Brunei Darussalam 98.0 4.5 93.6 99.1 6.7 92.4
(96.3, 99.1) (0.0,25.1) (74.1, 99.0) (97.4, 99.8) (0.0,44.4) (55.2, 99.7)
. 92.2 6.3 86.4 94.3 7.1 87.6
Bulgaria
(87.5, 95.7) (0.1, 28.8) (64.8, 94.9) (88.0, 98.0) (0.1,32.7) (63.5, 97.1)
Burkina Faso 93.2 4.1 89.4 95.6 7.2 88.7
(88.2, 96.4) (0.1,20.9) (74.0, 95.7) (88.7, 98.8) (0.1, 35.6) (61.5, 97.9)
. 95.9 4.0 92.0 91.3 6.4 85.4
Burundi
(92.6, 97.9) (3.3, 4.7) (88.7, 94.1) (84.1, 96.1) (5.3, 7.5) (78.5, 90.1)
Cabo Verde 99.6 0.0 99.6 99.7 0.8 99.0
(99.1, 99.9) (0.0, 0.1) (99.1, 99.9) (99.1, 99.9) (0.0, 2.4) (97.1, 99.9)
Cambodia 91.4 32 88.4 91.5 5.2 86.7
(85.0, 95.6) (0.0,23.5) (69.0, 94.9) (81.9, 96.8) (0.0, 35.0) (58.9, 95.8)
Cameroon 74.8 8.3 68.5 68.8 11.0 61.2
(65.8, 81.5) (7.7, 8.9) (60.3, 75.0) (55.9, 80.1) (10.3,11.7) (49.8, 71.4)
Canada 87.7 5.9 82.5 90.7 9.0 82.5
(82.5, 92.2) (0.0,29.5) (62.1, 91.1) (83.3, 95.6) (0.0,51.7) (44.7, 94.4)
Central African 50.0 6.7 46.7 52.4 6.3 49.1
Republic (39.9, 60.2) (4.0, 9.3) (36.7, 55.9) (36.7, 68.4) (3.6, 9.0) (34.4, 64.5)
Chad 413 6.6 38.5 432 12.1 37.9
(33.3, 49.5) (0.1,21.3) (28.7, 48.0) (29.3, 58.4) (0.2,37.3) (22.7, 53.3)
Chile 95.4 1.6 93.9 95.2 7.1 88.5
(92.0, 97.7) (1.1, 2.1) (90.5, 96.1) (90.2, 98.3) (6.0, 8.2) (83.5, 91.6)
China 97.0 29 94.2 96.4 4.6 92.0
(94.8, 98.4) (0.0,20.9) (76.6, 98.1) (92.7, 98.6) (0.0, 32.5) (65.1, 98.1)
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Supplementary table 2. Expected DTP3 and MCV1 coverage in the absence of COVID-19 and estimates of disruptions and coverage attributable to the pandemic in

2020, by country
DTP3 MCV1
Estimated relative Estimated relative
Expected coverage in disruption Estimated coverage Expected coverage in disruption Estimated coverage
the absence of attributable to after accounting for the absence of attributable to after accounting for
COVID-19, COVID-19, COVID-19 disruption, COVID-19, COVID-19, COVID-19 disruption,
% (95% UI) % (95% UI) % (95% UI) % (95% UI) % (95% UI) % (95% UI)
Colombia 91.2 5.3 86.4 92.8 39 89.2
(86.2, 95.2) (4.3, 6.3) (81.4, 90.3) (86.6, 96.5) (3.1, 4.8) (83.2, 92.8)
Comoros 84.7 5.6 80.0 91.4 12.5 80.0
(76.1, 91.2) (1.9, 9.1) (71.4, 87.0) (81.9, 96.8) (9.6, 15.5) (71.3, 85.7)
Congo 65.5 6.5 61.3 74.2 9.9 66.9
& (56.2, 73.7) (5.4, 7.4) (52.5, 68.8) (60.8, 84.3) (8.7,11.0) (54.9, 76.1)
Cook Islands 97.4 2.1 95.3 99.4 3.3 96.1
(94.2, 99.0) (0.0, 14.5) (83.5, 98.7) (98.2, 99.9) (0.0, 21.0) (78.5, 99.7)
Costa Rica 97.3 4.5 92.9 99.8 28.9 71.0
(94.4, 98.8) (-6.6, 20.4) (77.3,104.2) (99.5, 100.0) (26.9, 31.1) (68.8, 73.0)
Croatia 93.8 6.4 87.8 93.6 7.3 86.7
(89.8, 96.5) (0.1,29.2) (65.8, 96.0) (86.8, 97.2) (0.1, 33.3) (62.7, 96.5)
Cuba 95.6 4.4 91.4 90.2 7.5 83.5
Y (92.6, 97.7) (0.0, 16.8) (80.3, 97.0) (84.5, 94.3) (0.0, 29.6) (62.6, 92.7)
Cyorus 95.5 52 90.6 84.4 8.2 77.4
o (92.3, 97.7) (-1.1, 28.0) (68.8, 97.8) (74.8, 91.8) (0.0, 48.9) (42.2, 90.5)
Crechia 96.7 7.4 89.6 95.5 8.3 87.6
z (93.4, 98.7) (0.1,31.5) (66.4, 98.1) (90.5, 98.4) (0.1,34.7) (63.2, 97.7)
CA’te dvoire 78.7 4.8 74.9 76.5 6.2 71.7
(71.3, 85.1) (44, 52) (68.1, 80.9) (63.9, 86.1) (5.8, 6.6) (60.0, 80.6)
Democratic People's 99.8 3.8 96.0 99.5 4.8 94.7
Republic of Korea (99.5, 99.9) (0.2, 9.0) (90.8, 99.6) (98.2, 99.9) (0.3,11.2) (88.2, 99.1)
Democratic Republic of 55.0 0.1 55.0 70.0 0.1 69.9
the Congo (46.3, 63.9) (0.0, 0.3) (46.3, 63.9) (58.3, 80.0) (0.0, 0.4) (58.2, 79.9)
Denmark 96.9 4.4 92.6 96.6 6.7 90.1
(94.5, 98.5) (0.0,24.7) (71.6, 98.2) (92.3, 98.8) (0.0,44.4) (53.7, 98.5)
. . 58.6 6.5 54.8 85.4 11.9 75.3
Djibouti
(46.4, 69.1) (0.1,22.4) (39.4, 67.6) (73.8, 92.9) (0.2,36.5) (53.1, 90.6)
Dominica 97.1 0.0 97.0 91.9 0.0 91.8
(94.9, 98.5) (0.0, 0.2) (94.8, 98.4) (84.9, 96.2) (0.0, 0.2) (84.9, 96.2)
Dominican Republic 74.6 10.6 66.7 86.1 10.0 77.4
H (65.8, 82.3) (9.4,11.7) (59.0, 73.6) (76.6, 92.9) (8.8,11.3) (68.9, 83.7)
80.8 6.7 75.4 76.3 159 64.2
Ecuador
(73.4, 87.3) (6.1, 7.2) (68.6, 81.5) (65.1, 85.3) (14.9, 17.0) (54.5, 71.9)
Eavot 96.3 14.6 82.2 98.6 26.2 72.9
E (92.9, 98.3) (0.1, 48.5) (49.9, 97.5) (96.2, 99.7) (0.1, 76.1) (23.7, 99.2)
El Salvador 85.0 27.5 61.6 92.3 24.9 69.3
v (78.2, 90.4) (21.0,33.4) (54.6, 68.7) (86.1, 96.4) (19.7, 30.3) (62.7, 75.1)
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Supplementary table 2. Expected DTP3 and MCV1 coverage in the absence of COVID-19 and estimates of disruptions and coverage attributable to the pandemic in

2020, by country

DTP3

MCV1

Expected coverage in

the absence of
COVID-19,
% (95% UI)

Estimated relative
disruption
attributable to
COVID-19,

% (95% UI)

Estimated coverage
after accounting for
COVID-19 disruption,
% (95% UI)

Expected coverage in

the absence of
COVID-19,
% (95% UI)

Estimated relative
disruption
attributable to
COVID-19,

% (95% UI)

Estimated coverage
after accounting for
COVID-19 disruption,
% (95% UI)

Equatorial Guinea

Eritrea

Estonia

Eswatini

Ethiopia

Fiji

Finland

France

Gabon

Gambia

Georgia

Germany

Ghana

Greece

Greenland

Grenada

Guam

Guatemala

Guinea

(39.5,

(85.9,

(87.6,

(81.3,

9.1,

(94.0,

(85.3,

(93.1,

(63.9,

(86.2,

(79.0,

(92.4,

14,

(99.6,

3.1,

(83.6,

(95.8,

(70.7,

(38.0,

54.7
68.3)

91.7
95.6)

92.3
95.6)

87.6
92.3)

57.6
65.7)

97.1
98.8)

90.7
94.5)

96.4
98.3)

74.5
82.9)

91.3
94.8)

86.4
92.1)

96.8
99.1)

95.1
97.5)

99.9

100.0)

96.2
98.1)

89.9
94.5)

98.5
99.6)

78.7
85.4)

47.7
58.1)

2.9
(0.4, 5.5)

0.0
(0.0, 0.0)

6.4
(0.1,29.2)

5.3
(2.1, 8.5)

3.8
(32, 4.5)

2.2
(0.0, 15.0)

4.0
(0.0,21.6)

6.2
(-1.4,31.4)

52
(3.6, 6.7)

12.2
(11.2,13.1)

8.5
(0.1,34.0)

5.0
(0.0,28.1)

0.5
(0.1, 1.2)

5.8
(-1.3,29.2)

54
(0.0,28.4)

3.3
(0.1, 14.6)

24
(0.0, 17.0)

49
(1.9, 7.7)

24.1
(22.8,25.3)

53.1
(38.1, 66.4)

91.7
(85.9, 95.6)

86.4
(65.0, 94.8)

82.9
(76.6, 88.0)

55.4
(47.2, 63.3)

95.0
(82.1, 98.5)

87.1
(70.2, 93.7)

90.4
(65.9, 98.1)

70.6
(60.6, 78.8)

80.2
(75.8, 83.3)

79.0
(57.0, 91.0)

91.9
(69.4, 98.7)

94.7
1.1, 97.1)

94.1
(70.7, 101.2)

91.1
(69.5, 97.4)

87.0
(76.1, 93.6)

96.1
(81.7, 99.4)

74.8
(67.4, 81.3)

362
(28.9, 44.0)

30

(29.3,

(98.9,

(812,

(80.2,

(502,

(81.1,

(92.3,

(82.2,

(57.1,

(76.4,

(71.9,

(94.8,

(85.3,

(94.8,

927,

(92.3,

(972,

(74.7,

(38.4,

452
62.8)

99.6
99.9)

89.6
94.7)

88.8
94.3)

61.3
72.5)

90.9
96.3)

96.7
98.8)

91.3
96.6)

70.6
82.3)

85.7
92.0)

81.2
88.1)

98.4
99.7)

92.8
97.2)

98.2
99.6)

97.0
99.0)

96.0
98.4)

99.1
99.8)

85.1
92.0)

51.4
65.4)

0.1
(-5.8, 3.4)

0.2
(0.0, 0.7)

73
(0.1,33.2)

235
(20.2,26.9)

1.0
(0.6, 1.4)

34
(0.0,21.8)

5.7
(0.0,37.8)

9.4
(0.0, 52.6)

17.1
(15.1,19.3)

10.1
(8.9,11.3)

9.8
(0.1, 38.0)

7.6
(0.0,46.9)

0.6
(0.0, 1.2)

8.9
(0.0,49.7)

8.2
(0.0, 48.5)

36
(0.6, 6.8)

37
(0.0,24.8)

4.8
(3.3, 6.5)

25.9
(24.7,27.1)

452
(29.2, 62.9)

99.5
(98.5, 99.9)

83.1
(59.5, 93.7)

67.9
(61.1, 73.1)

60.6
(49.5, 71.9)

87.9
(70.6, 95.4)

91.2
(59.8, 98.7)

82.7
(43.6, 95.5)

58.5
(46.9, 68.2)

77.0
(68.4, 82.8)

733
(50.4, 86.7)

90.9
(52.0, 99.5)

92.3
(84.8, 96.5)

89.4
(49.8, 99.4)

89.0
(49.7, 98.7)

92.5
(87.9, 96.5)

95.4
(74.3, 99.7)

81.0
(71.2, 87.7)

38.1
(28.3, 48.2)




Supplementary table 2. Expected DTP3 and MCV1 coverage in the absence of COVID-19 and estimates of disruptions and coverage attributable to the pandemic in

2020, by country

DTP3

MCV1

Expected coverage in

the absence of
COVID-19,
% (95% UI)

Estimated relative
disruption
attributable to
COVID-19,

% (95% UI)

Estimated coverage
after accounting for
COVID-19 disruption,

% (95% UI)

Expected coverage in
the absence of
COVID-19,

% (95% UI)

Estimated relative
disruption
attributable to
COVID-19,

% (95% UI)

Estimated coverage
after accounting for
COVID-19 disruption,
% (95% UI)

Guinea-Bissau

Guyana

Haiti

Honduras

Hungary

Iceland

India

Indonesia

Iran (Islamic Republic

of)

Iraq

Ireland

Israel

Ttaly

Jamaica

Japan

Jordan

Kazakhstan

Kenya

Kiribati

(637,

(88.2,

(50.1,

(80.4,

(983,

(85.0,

(827,

(71.0,

(96.5,

(67.7,

1.2,

(95.0,

99.3,

(1.8,

962,

(81.8,

1.5,

(81.3,

(3.9,

734
81.1)

92.0
94.7)

60.0
69.3)

86.5
91.2)

99.3
99.8)

90.8
94.9)

88.1
92.0)

78.2
84.2)

98.0
99.0)

76.4
83.1)

94.7
97.0)

97.4
98.8)

99.7
99.9)

95.5
97.8)

98.4
99.4)

86.6
90.4)

94.8
97.1)

87.8
92.7)

52.5
60.4)

6.6
(0.1,21.3)

7.8
(0.2,23.5)

2.8
(14, 4.1)

1.9
(13, 2.6)

5.8
(0.1,30.5)

52
(-1.1, 28.0)

15.8
(13.2, 18.6)

16.5
(8.7,26.5)

12.9
(0.1,45.3)

9.0
(8.5, 9.4)

7.5
(0.0, 38.0)

54
(-2.7, 28.6)

54
(0.0,27.0)

5.5
(0.3,10.0)

45
(0.0,24.7)

10.6
(-0.3,39.7)

6.2
(0.1,29.5)

0.2
(0.1, 0.5)

2.1
(0.0, 14.5)

(55.5,

(70.1,

(48.8,

(78.8,

(69.0,

(64.1,

(69.1,

(55.3,

(53.8,

(61.8,

(59.4,

(68.8,

(729,

(84.7,

(74.0,

(52.6,

(67.0,

(81.3,

(415,
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68.5
79.2)

84.8
93.8)

58.3
67.3)

84.9
89.5)

93.5
99.6)

86.1
94.2)

74.2
78.6)

65.4
74.1)

85.4
98.5)

69.6
75.7)

87.5
96.4)

92.1
99.9)

94.3
99.9)

90.2
95.6)

94.0
99.3)

774
89.6)

88.9
96.6)

87.6
92.6)

514
59.5)

79.4
(65.8, 89.0)

94.7
(90.1, 97.5)

72.6
(57.0, 86.1)

90.4
(83.8, 95.3)

99.9
(99.6, 100.0)

93.8
(86.6, 97.7)

95.1
(89.4, 98.1)

81.7
(71.2, 89.9)

99.2
(97.6, 99.8)

81.1
(69.4, 90.0)

92.7
(84.2, 97.1)

99.2
(97.7, 99.9)

88.0
(79.9, 93.2)

99.8
(99.5, 100.0)

98.0
(94.9, 99.5)

79.3
(69.4, 86.9)

92.1
(88.0, 95.1)

84.9
(72.9, 92.7)

64.5
(49.5, 76.9)

12.1
(0.2,37.3)

8.4
(0.1, 17.0)

32.8
(30.2, 35.3)

33
(22, 4.4)

6.2
(0.1,32.8)

8.2
(0.0, 48.9)

9.8
(8.0, 11.9)

15.1
(8.2,23.8)

23.9
(0.1,74.5)

7.1
(6.6, 7.6)

11.0
(0.0, 55.0)

8.7
(0.0, 49.8)

8.6
(0.0,46.7)

0.4
(0.0, 2.2)

6.7
(0.0,44.4)

20.5
(-2.8, 71.0)

6.9
(0.1,32.7)

0.2
(0.1, 0.6)

33
(0.0,21.0)

69.8
(47.4, 85.8)

86.8
(77.8, 95.5)

48.8
(38.0, 58.0)

87.4
(80.9, 92.2)

93.7
(66.9, 99.9)

86.1
(47.8, 96.9)

85.7
(80.5, 89.1)

69.3
(59.1, 78.9)

75.5
(25.1, 99.5)

753
(64.3, 83.7)

82.4
(41.2, 96.2)

90.6
(50.0, 99.8)

80.4
(48.0, 92.2)

99.4
(97.6, 99.9)

91.5
(54.5, 99.2)

63.0
(22.2, 85.0)

85.8
(61.7, 94.4)

84.7
(72.6, 92.5)

62.4
(45.4, 75.5)




Supplementary table 2. Expected DTP3 and MCV1 coverage in the absence of COVID-19 and estimates of disruptions and coverage attributable to the pandemic in

2020, by country
DTP3 MCV1
Estimated relative Estimated relative
Expected coverage in disruption Estimated coverage Expected coverage in disruption Estimated coverage
the absence of attributable to after accounting for the absence of attributable to after accounting for
COVID-19, COVID-19, COVID-19 disruption, COVID-19, COVID-19, COVID-19 disruption,
% (95% UI) % (95% UI) % (95% UI) % (95% UI) % (95% UI) % (95% UI)
Kuwait 94.4 15.5 79.8 95.9 25.7 71.2
oW (89.8, 97.3) (0.1, 48.9) (48.2, 96.4) (91.2, 98.5) (0.0, 74.8) (23.7, 98.0)
Kyrevzstan 88.3 9.7 79.7 89.6 11.0 79.7
yiey (83.0, 92.1) (-0.7,36.3) (56.2, 91.7) (83.5, 94.1) (-0.5, 42.9) (49.8, 92.8)
Lao People's 65.0 3.9 62.4 75.1 4.0 72.0
Democratic Republic (57.0, 72.5) (0.0,11.9) (52.8, 70.8) (61.9, 85.7) (0.0, 10.6) (59.2, 83.9)
Latvia 99.9 6.5 93.4 99.6 7.4 92.2
(99.7, 100.0) (0.1,30.0) (69.9, 99.9) (98.8, 99.9) (0.1,34.2) (65.7, 99.8)
Lebanon 85.7 11.7 75.7 79.9 22.5 61.9
(80.7, 89.8) (0.1,42.4) (49.2, 88.8) (70.6, 87.6) (0.1, 72.6) (21.2, 84.9)
Lesotho 86.1 0.7 85.5 90.8 0.5 90.3
(79.0, 91.7) (0.0, 2.1) (78.2, 91.1) (82.8, 96.1) (0.0, 1.7) (82.4, 95.7)
Liberia 89.2 1.3 88.1 93.2 1.5 91.8
(81.0, 94.9) (0.4, 2.1) (80.0, 93.9) (83.6, 97.9) (0.9, 2.3) (82.5, 96.5)
Libva 85.1 9.7 76.9 88.7 19.4 71.5
¥ (80.9, 88.8) (0.1,37.2) (53.5, 87.9) (83.0, 93.1) (0.1, 68.7) (26.9, 91.7)
Lithuania 92.8 8.7 84.7 94.4 10.0 85.0
U (87.9, 96.1) (0.1,35.5) (59.9, 94.9) (88.8, 97.8) (0.1,38.2) (58.2, 96.7)
Luxembour: 99.2 5.5 93.7 98.6 8.7 90.0
S (98.4, 99.7) (-3.2,29.3) (70.1, 102.2) (96.6, 99.5) (-0.7, 48.3) (51.1, 99.6)
Madagascar 61.9 1.4 61.0 62.0 0.1 61.9
5 (54.3, 69.2) (1.2, 1.6) (53.6, 68.2) (49.2, 73.8) (0.1, 0.4) (49.2, 73.7)
Malawi 94.2 0.0 94.2 96.6 0.0 96.5
(90.0, 96.9) (0.0, 0.0) (90.0, 96.9) (92.0, 98.9) (0.0, 0.2) (91.9, 98.8)
Malavsia 97.9 0.3 97.6 99.5 0.2 99.3
4 (95.7, 99.0) (0.0, 1.2) (95.3, 98.9) (98.6, 99.9) (0.0, 1.1) (98.2, 99.9)
Maldives 87.2 0.8 86.5 91.9 3.2 89.0
(82.8, 90.9) (0.0, 3.8) (81.4, 90.5) (85.8, 95.9) (1.0, 6.7) (82.9, 93.7)
Mali 75.0 10.3 67.3 72.3 10.3 64.8
(67.7, 81.4) (9.9, 10.7) (60.7, 73.0) (60.2, 83.3) (10.0, 10.7) (54.0, 74.6)
Malta 97.2 43 93.1 95.4 6.8 88.9
(94.3, 98.9) (-1.5, 25.6) (72.0, 99.2) (88.2, 98.6) (0.0, 44.6) (52.1, 98.2)
Marshall Tslands 80.5 2.1 78.8 84.5 33 81.8
(72.5, 87.4) (0.0, 14.5) (67.5, 86.7) (72.2, 93.0) (0.0, 21.0) (65.2, 91.8)
Mauritania 69.3 7.9 63.8 82.0 1.7 80.6
(55.3, 81.9) (6.7, 9.1) (50.9, 75.4) (71.9, 90.3) (0.1, 3.4) (70.7, 88.7)
Mauritius 95.3 1.8 93.5 98.6 0.0 98.5
Hri (91.9, 97.5) (0.4, 3.5) (89.9, 96.2) (96.4, 99.6) (0.0, 0.0) (96.4, 99.5)
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Supplementary table 2. Expected DTP3 and MCV1 coverage in the absence of COVID-19 and estimates of disruptions and coverage attributable to the pandemic in

2020, by country
DTP3 MCV1
Estimated relative Estimated relative
Expected coverage in disruption Estimated coverage Expected coverage in disruption Estimated coverage
the absence of attributable to after accounting for the absence of attributable to after accounting for
COVID-19, COVID-19, COVID-19 disruption, COVID-19, COVID-19, COVID-19 disruption,
% (95% UI) % (95% UI) % (95% UI) % (95% UI) % (95% UI) % (95% UI)
Mexico 72.0 4.4 68.8 84.6 7.5 78.3
x (64.4, 78.8) (0.0, 16.8) (57.8, 76.9) (74.5, 91.9) (0.0,29.7) (57.3, 89.9)
Micronesia (Federated 76.3 2.1 74.6 76.6 33 74.0
States of) (66.6, 83.9) (0.0, 14.5) (62.7, 82.9) (62.7, 86.6) (0.0,21.0) (58.5, 85.4)
Monaco 99.2 52 94.0 89.3 8.2 81.9
(97.9, 99.8) (-1.1, 28.0) (71.4, 100.4) (80.9, 94.6) (0.0, 48.9) (46.1, 93.8)
Moneolia 80.8 0.1 80.7 83.2 0.1 83.2
& (75.6, 85.1) (0.0, 0.6) (75.5, 85.1) (75.6, 89.4) (0.0, 0.5) (75.4, 89.3)
Montenegro 85.6 7.5 79.2 63.9 8.4 58.5
g (78.3, 91.2) (0.1,31.9) (57.4, 89.9) (46.1, 79.3) (0.1, 34.5) (37.7, 76.3)
94.5 19.3 76.3 93.1 30.4 64.8
Morocco
(90.1, 97.4) (0.1, 59.9) (37.4, 96.8) (85.0, 97.3) (-0.7, 76.9) (21.6, 96.0)
Mozambiaue 95.5 6.7 89.1 96.5 2.9 93.7
“ ! (92.1, 97.7) (6.5, 6.9) (85.9, 91.1) (91.2, 98.9) (2.7, 3.0) (88.6, 96.1)
Mvanmar 73.4 2.0 72.0 83.0 11.3 73.6
g (65.6, 79.9) (0.9, 3.7) (64.0, 78.5) (72.9, 90.2) (6.1,19.1) (62.4, 82.0)
Namibia 90.0 0.3 89.7 99.7 0.2 99.4
(82.5, 95.0) (0.0, 1.3) (82.1, 94.8) (99.0, 99.9) (0.0, 1.1) (98.5, 99.9)
Nauru 99.4 2.1 97.3 99.7 33 96.4
(98.6, 99.8) (0.0, 14.5) (85.0, 99.7) (99.0, 99.9) (0.0,21.0) (79.0, 99.9)
Nenal 86.8 6.7 81.1 96.7 3.0 93.8
P (81.3, 91.3) (6.4, 6.9) (76.0, 85.2) (92.0, 99.0) (2.6, 3.4) (89.2, 96.0)
Netherlands 94.0 5.9 88.4 94.7 9.0 86.2
(90.2, 96.7) (0.0,30.0) (66.2, 96.0) (88.6, 97.9) (0.0,51.7) (45.8, 97.1)
New Zealand 92.9 3.6 89.6 93.4 5.6 88.2
W (88.4, 96.3) (-3.6, 23.0) (71.9, 97.2) (86.3, 97.5) (-1.0,37.7) (58.8, 97.1)
Nicaragua 99.9 3.2 96.7 99.9 5.6 94.3
€ (99.6, 100.0) (0.0,15.4) (84.5, 99.9) (99.5, 100.0) (0.0,25.1) (74.8, 99.9)
Niger 60.7 43 58.0 64.8 0.9 64.2
g (51.8, 69.7) (3.6, 5.0) (49.6, 66.6) (49.6, 78.0) (0.2, 1.7) (49.0, 77.2)
Nigeria 60.0 4.0 57.6 62.2 6.1 58.4
& (49.4, 69.5) (3.6, 4.5) (47.5, 66.7) (45.5, 77.2) (5.6, 6.5) (42.7, 72.4)
Niue 98.0 2.1 95.9 99.9 33 96.6
" (96.1, 99.1) (0.0, 14.5) (83.5, 98.9) (99.5, 100.0) (0.0, 21.0) (79.0, 99.9)
. 87.1 9.4 78.9 78.6 10.7 70.2
North Macedonia (80.7, 91.8) (0.1, 34.8) (56.5, 91.1) (64.5, 89.1) (0.1, 41.3) (42.4, 86.8)
Northern Mariana 98.3 3.5 94.9 99.0 5.6 934
Islands (95.4, 99.6) (0.0,26.2) (72.6, 99.3) (96.6, 99.8) (0.0, 34.5) (64.4, 99.6)
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Supplementary table 2. Expected DTP3 and MCV1 coverage in the absence of COVID-19 and estimates of disruptions and coverage attributable to the pandemic in

2020, by country
DTP3 MCV1
Estimated relative Estimated relative
Expected coverage in disruption Estimated coverage Expected coverage in disruption Estimated coverage
the absence of attributable to after accounting for the absence of attributable to after accounting for
COVID-19, COVID-19, COVID-19 disruption, COVID-19, COVID-19, COVID-19 disruption,
% (95% UI) % (95% UI) % (95% UI) % (95% UI) % (95% UI) % (95% UI)
Norwa 96.5 49 91.8 97.6 7.5 90.3
way (93.8, 98.3) (0.0, 28.5) (69.1, 97.9) (94.7, 99.3) (0.0, 46.7) (52.5, 99.0)
Oman 99.0 13.8 85.3 99.9 25.3 74.6
(97.8, 99.6) (0.1,47.2) (52.3, 99.3) (99.6, 100.0) (0.1,75.5) (24.5, 99.8)
Pakistan 84.9 52 80.5 78.1 1.8 76.7
(77.1, 90.4) (4.8, 5.5) (73.1, 85.8) (65.0, 88.5) (1.4, 22) (63.8, 86.9)
Palau 943 2.1 923 93.9 33 90.9
(89.7, 97.2) (0.0, 14.5) (80.6, 96.8) (86.8, 98.0) (0.0, 21.0) (73.6, 97.6)
Palestine 99.0 12.9 86.2 99.5 239 75.7
(97.5, 99.6) (0.1,45.3) (54.3, 99.3) (98.5, 99.9) (0.1, 74.5) (25.4, 99.7)
Panama 83.6 20.1 66.8 93.3 17.2 77.3
(77.0, 88.8) (18.9,21.4) (61.6, 71.2) (88.4, 96.7) (16.1, 18.5) (72.7, 80.4)
Papua New Guinea 35.4 4.1 34.0 45.4 43 43.5
P WA (26.8, 44.5) (1.8, 7.9) (25.7, 43.1) (28.2, 63.6) (2.0, 7.7) (27.0, 60.5)
Paragua 88.2 0.6 87.7 94.0 18.9 76.2
E (81.4, 93.3) (0.0, 1.8) (80.8, 93.0) (86.2, 98.0) (14.5,22.9) (69.7, 81.7)
Per 85.4 31.8 58.2 85.8 17.8 70.5
4 (79.7, 89.9) (30.7, 33.0) (54.2, 61.5) (76.0, 92.7) (16.9, 18.6) (62.4, 76.3)
Philinpines 83.9 18.7 68.2 80.2 16.9 66.6
LI (75.8, 89.8) (9.6,30.9) (57.2, 78.3) (68.6, 88.3) (9.1, 26.6) (55.0, 76.1)
Poland 96.6 7.4 89.5 95.5 8.4 87.6
(93.6, 98.5) (0.1,31.8) (66.4, 97.9) (89.9, 98.6) (0.1, 34.6) (61.6, 97.8)
Portueal 98.9 5.9 93.1 99.7 9.1 90.7
E (97.7, 99.6) (-3.3,30.8) (68.2, 102.4) (99.1, 100.0) (-0.6, 50.3) (49.6, 100.2)
Puerto Rico 88.8 4.4 84.9 92.1 7.5 85.1
4 (79.1, 95.0) (0.0, 16.9) (70.5, 93.9) (79.8, 98.1) (0.0,30.7) (61.8, 96.8)
Qatar 97.5 13.5 84.4 99.9 24.7 75.3
(94.8, 99.0) (0.1,46.2) (52.0, 98.3) (99.6, 100.0) (0.1,75.1) (24.8, 99.8)
Republic of Korea 95.9 43 91.8 97.0 6.0 91.2
PY (92.6, 98.1) (0.0,24.4) (72.5, 97.7) (92.3, 99.0) (0.0,39.2) (59.2, 98.7)
. 92.4 8.0 85.0 90.3 9.2 82.0
Repbligiiolors (87.8, 95.6) (0.1,33.1) (62.2, 95.0) (84.4, 94.6) (0.1,36.2) (57.6, 93.8)
Romania 88.2 9.6 79.7 90.7 11.0 80.7
(82.1, 92.3) (-1.8, 36.0) (56.1, 91.5) (83.1, 95.8) (-1.3,43.4) (51.1, 95.0)
Russian Federation 97.1 6.4 90.9 99.5 7.2 92.3
(94.7, 98.7) (0.1,29.3) (68.0, 98.3) (98.5, 99.9) (0.1, 32.5) (67.3, 99.8)
Rwanda 96.4 5.7 90.9 92.7 2.6 90.3
W (93.8, 98.1) (3.5, 7.9) (87.9, 93.5) (87.3, 96.1) (0.3, 84) (83.0, 95.4)
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Supplementary table 2. Expected DTP3 and MCV1 coverage in the absence of COVID-19 and estimates of disruptions and coverage attributable to the pandemic in

2020, by country

DTP3

MCV1

Expected coverage in
the absence of
COVID-19,

% (95% UI)

Estimated relative
disruption
attributable to
COVID-19,

% (95% UI)

Estimated coverage
after accounting for
COVID-19 disruption,
% (95% UI)

Expected coverage in
the absence of
COVID-19,

% (95% UI)

Estimated relative
disruption
attributable to
COVID-19,

% (95% UI)

Estimated coverage
after accounting for
COVID-19 disruption,
% (95% UI)

Saint Kitts and Nevis

Saint Lucia

Saint Vincent and the
Grenadines

Samoa

San Marino

Sao Tome and Principe

Saudi Arabia

Senegal

Serbia

Seychelles

Sierra Leone

Singapore

Slovakia

Slovenia

Solomon Islands

Somalia

South Africa

South Sudan

Spain

96.1
(93.2, 98.0)
88.9
(83.3, 93.4)
97.5
(95.3, 98.8)
53.3
(44.6, 62.6)
88.1
(82.0, 92.5)
93.6
(88.8, 96.6)
94.0
(90.9, 96.2)
95.8
(93.4, 97.5)
85.6
(80.6, 89.7)
97.3
(94.7, 98.7)
88.0
(80.7, 93.0)
92.5
(88.2, 95.5)
96.8
(93.9, 98.4)
94.4
(90.5, 96.9)
89.6
(83.0, 94.2)
17.4
(10.9, 25.6)
63.1
(54.8, 70.9)
58.5
(45.4, 71.4)
96.1

(92.8, 98.2)

0.0
(0.0, 0.1)

0.0
(0.0, 0.1)

23
(0.1,11.2)

2.1
(0.0, 14.5)

52
(-1.1, 28.0)

8.4
(6.9, 9.7)

20.4
(0.1, 62.6)

16.5
(16.0, 17.0)

7.9
(-0.6, 32.5)

0.7
(0.0, 1.9)

34
(2.8, 4.0)

49
(-2.2,27.6)

8.7
(0.1,34.9)

9.0
(-0.1, 34.6)

2.1
(0.0, 14.5)

0.1
(0.0, 0.4)

0.2
(0.0, 0.7)

6.5
(0.1,22.4)

7.3
(12,21.9)

96.1
(93.2, 98.0)

88.9
(83.3, 93.4)
95.2
(86.5, 98.6)
522
(41.8, 61.6)
83.6
(62.0, 92.3)
85.8
(80.9, 89.0)
74.8
(35.1, 95.2)
80.0
(77.9, 81.5)
78.9
(57.9, 88.9)
96.6
(94.1, 98.3)
85.0
(78.1, 90.0)
88.0
(67.7, 95.7)
88.3
(62.6, 98.2)
85.9
(62.5, 96.8)
87.7
(75.9, 93.7)
17.3
(10.8, 25.6)
63.0
(54.7, 70.9)
54.7
(38.7, 68.4)
89.1

(74.7, 95.9)

35

97.1
(92.8, 99.1)
94.2
(88.4, 97.5)
99.8
(99.3, 100.0)
79.8
(67.0, 89.3)
87.6
(77.9, 93.9)
98.8
(96.7, 99.7)
99.4
(97.9, 99.9)
89.3
(80.4, 94.8)
95.7
(89.8, 98.5)
99.4
(98.4, 99.9)
90.9
(80.9, 96.5)
90.0
(81.3, 95.6)
97.0
(93.2, 98.9)
94.7
(89.1, 97.7)
94.8
(87.8, 98.2)
28.1
(15.9, 44.1)
783
(66.9, 87.3)
48.1
(1.7, 64.4)
98.9

(96.7, 99.7)

1.0
(0.0, 4.3)

13
(0.0, 6.2)

4.9
(0.1, 13.5)

33
(0.0,21.0)

8.2
(0.0, 48.9)

14.8
(12.4,17.3)

32.0
(0.1,78.2)

16.1
(15.5, 16.5)

9.0
(-1.0, 36.0)

55
(3.3, 7.8)

8.0
(7.4, 8.7)

7.8
(0.0,46.9)

10.0
(0.1, 38.5)

10.3
(0.1,39.7)

33
(0.0,21.0)

0.1
(0.1, 0.4)

1.4
(0.9, 1.9)

11.9
(0.2,36.5)

15.7
(1.3,53.6)

96.2
(91.3, 98.8)
93.0
(86.2, 97.2)
94.9
(86.3, 99.8)
772
(61.1, 87.8)
80.4
(46.6, 92.4)
842
(81.3, 87.0)
67.6
(21.8, 99.6)
74.9
(67.5, 79.5)
87.1
(61.9, 98.3)
93.9
(91.4, 96.4)
83.6
(74.5, 88.7)
83.0
(47.0, 94.5)
87.3
(59.4, 98.6)
84.9
(56.5, 97.3)
91.7
(75.2, 97.4)
28.0
(15.9, 44.1)
772
(65.8, 86.1)
424
(24.6, 61.3)
83.4

(45.8, 97.5)




Supplementary table 2. Expected DTP3 and MCV1 coverage in the absence of COVID-19 and estimates of disruptions and coverage attributable to the pandemic in

2020, by country
DTP3 MCV1
Estimated relative Estimated relative
Expected coverage in disruption Estimated coverage Expected coverage in disruption Estimated coverage
the absence of attributable to after accounting for the absence of attributable to after accounting for
COVID-19, COVID-19, COVID-19 disruption, COVID-19, COVID-19, COVID-19 disruption,
% (95% UI) % (95% UI) % (95% UI) % (95% UI) % (95% UI) % (95% UI)
Sri Lanka 97.5 4.6 93.0 92.4 7.1 85.8
(95.6, 98.6) (0.0, 29.6) (68.6, 98.4) (85.3, 96.6) (0.0,39.9) (56.1, 95.4)
Sudan 76.1 0.9 75.4 85.6 0.6 85.0
(69.7, 81.6) (0.7, 1.1) (69.1, 80.9) (75.9, 92.3) (0.5, 0.8) (75.4, 91.7)
Suriname 77.6 7.8 71.6 84.1 7.5 77.8
b (70.7, 83.8) (0.1, 19.4) (60.9, 81.1) (74.1, 91.4) (0.1, 15.3) (66.8, 87.8)
Sweden 97.8 4.4 93.4 98.3 6.4 92.0
(95.9, 99.0) (0.0,25.3) (72.1, 98.7) (95.7, 99.5) (0.0,42.5) (55.7, 99.4)
Switzerland 96.2 3.7 92.6 96.0 5.5 90.8
Witz (93.4, 98.0) (0.0,22.2) (74.5, 97.9) (91.2, 98.6) (0.0, 35.6) (61.7, 98.3)
. . 75.8 0.2 75.7 78.2 0.1 78.2
AT LGNS (68.3, 83.2) (0.0, 0.6) (68.2, 82.9) (65.9, 87.4) (1.5, 1.0) (65.8, 87.1)
Taiwan (Province of 97.9 L.5 96.4 99.8 2.4 97.4
China) (94.4, 99.5) (0.0, 9.6) (88.5, 99.3) (99.3, 100.0) (0.0, 12.5) (87.2, 99.9)
Taiikistan 89.3 6.5 83.4 90.7 7.5 83.9
I (85.5, 92.5) (0.1,29.8) (61.3, 91.7) (83.4, 95.3) (0.1, 32.1) (60.9, 94.1)
. 87.4 2.5 85.3 90.5 39 87.0
Thailand
(83.1, 91.0) (0.0, 18.7) (71.4, 90.4) (84.6, 94.6) (0.0, 27.5) (66.7, 93.7)
Timor-Leste 63.2 4.6 60.3 68.8 3.6 66.3
(53.0, 73.5) (0.0, 14.0) (49.7, 71.0) (55.5, 79.7) (0.0, 11.3) (53.2, 77.8)
Togo 80.1 5.8 75.4 79.2 10.8 70.6
5 (72.6, 86.2) (0.1,23.1) (60.9, 84.6) (67.5, 88.6) (0.1,36.4) (50.6, 86.1)
96.1 2.1 94.0 97.1 33 93.9
Tokelau
(89.1, 99.1) (0.0, 14.5) (81.7, 98.7) (90.7, 99.5) (0.0, 21.0) (77.4, 99.1)
Tonea 99.8 2.1 97.7 92.1 33 89.1
& (99.5, 100.0) (0.0, 14.5) (85.5, 99.9) (86.7, 96.0) (0.0, 21.0) (72.4, 95.3)
. 77.1 0.0 77.1 92.7 3.2 89.8
Trinidad and Tobago (70.8, 82.3) (0.0, 0.2) (70.8, 82.3) (84.9, 96.9) (0.0, 11.4) (80.0, 96.3)
Tunisia 95.8 12.9 83.5 95.5 239 72.7
4 (93.5, 97.5) (0.1,45.3) (52.7, 96.8) (91.2, 98.0) (0.1, 74.5) (24.4, 97.1)
Turke 943 15.7 79.5 90.9 27.3 66.1
Y (90.4, 97.1) (0.1,49.4) (47.8, 95.9) (84.3, 95.6) (0.1,76.3) (21.7, 94.0)
Turkmenistan 99.6 6.4 93.2 94.3 7.3 87.5
4 (99.1, 99.9) (0.1,29.3) (70.5, 99.7) (90.7, 96.8) (0.1,33.1) (63.5, 96.0)
Tuvalu 91.5 2.1 89.6 93.6 33 90.5
(84.7, 96.2) (0.0, 14.5) (77.1, 95.6) (86.5, 97.6) (0.0, 21.0) (74.2, 97.2)
Ueanda 74.2 0.5 73.8 75.2 0.4 74.9
B (62.4, 83.7) (0.3, 0.8) (62.1, 83.2) (61.0, 85.7) (0.1, 0.7) (60.8, 85.4)
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Supplementary table 2. Expected DTP3 and MCV1 coverage in the absence of COVID-19 and estimates of disruptions and coverage attributable to the pandemic in

2020, by country
DTP3 MCV1
Estimated relative Estimated relative
Expected coverage in disruption Estimated coverage Expected coverage in disruption Estimated coverage
the absence of attributable to after accounting for the absence of attributable to after accounting for
COVID-19, COVID-19, COVID-19 disruption, COVID-19, COVID-19, COVID-19 disruption,
% (95% UI) % (95% UI) % (95% UI) % (95% UI) % (95% UI) % (95% UI)
Ukraine 93.7 6.4 87.7 99.1 7.3 91.9
(90.3, 96.5) (0.1,29.2) (66.2, 95.7) (97.8, 99.7) (0.1,33.3) (66.5, 99.5)
. . 94.6 20.3 75.4 93.6 322 63.5
United Arab Emirates (913, 96.9) (0.1, 61.0) (37.0, 95.4) (89.1, 96.4) (0.1,78.4) (20.4, 95.1)
United Kinedom 93.8 0.0 93.7 92.6 0.0 92.6
B (90.0, 96.5) (0.0, 0.0) (90.0, 96.5) (85.7, 96.7) (0.0, 0.0) (85.7, 96.6)
United Republic of 90.2 43 86.3 89.0 3.8 85.6
Tanzania (86.7, 92.7) (3.9, 47) (83.1, 88.7) (83.4, 93.4) (3.4, 42) (80.1, 90.0)
United States Virgin 66.4 4.0 63.7 71.1 5.7 67.0
Islands (47.3, 82.9) (0.0,21.4) (44.1, 81.4) (40.5, 91.6) (0.0, 27.5) (36.5, 89.9)
United States of 92.9 9.1 84.5 91.7 9.0 83.4
America (90.0, 95.3) (4.2,16.1) (77.7, 89.8) (85.4, 96.0) (5.2,14.7) (76.0, 89.3)
Uruaua 93.1 0.5 92.6 97.6 0.0 97.6
A (88.4, 96.3) (0.0, 1.8) (87.7, 96.0) (94.1, 99.4) (0.0, 0.1) (94.1, 99.4)
Uszbekistan 91.9 6.4 86.1 92.5 7.3 85.8
(88.4, 94.7) (0.1,29.3) (65.3, 93.8) (87.4, 95.7) (0.1,33.1) (61.7, 94.9)
Vanuat 88.6 2.1 86.7 70.8 33 68.5
vat (82.3, 93.1) (0.0, 14.5) (75.6, 92.1) (56.8, 82.9) (0.0, 21.0) (51.8, 81.5)
Venezuela (Bolivarian 69.4 4.4 66.3 60.6 7.5 56.0
Republic of) (58.3, 78.9) (0.0, 16.7) (53.7, 77.2) (47.9, 72.4) (0.0,30.9) (39.4, 69.7)
Viet Nam 81.3 1.8 79.8 90.2 2.8 87.6
(74.0, 87.4) (0.0, 12.2) (70.4, 86.9) (83.1, 95.1) (0.0, 16.2) (74.1, 94.4)
Yemen 75.1 12.2 65.9 78.7 28.7 56.1
(65.6, 83.1) (11.8,12.6) (57.6, 72.9) (67.2, 87.5) (28.2,29.2) (48.1, 62.5)
Zambia 89.6 0.2 89.4 91.6 0.5 91.1
(83.7, 94.2) (0.1, 0.5) (83.6, 94.0) (84.0, 96.5) (0.3, 0.6) (83.6, 96.0)
Zimbabwe 90.9 5.1 86.2 89.6 6.7 83.6
(85.9, 94.6) (4.2, 6.1) (81.2, 89.9) (81.3, 95.0) (5.8, 7.6) (75.8, 88.6)

Expected coverage was expected levels for 2020 in the absence of the COVID-19 pandemic based on past trends. Estimated coverage reflects coverage for 2020 while
accounting for estimated pandemic-related disruptions; more detail on these methods is in the main manuscript and appendix section 4. DTP3=diphtheria, tetanus, and pertussis,
third dose. MCV 1=measles-containing vaccine, first dose. UI=uncertainty interval.
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