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When a new vaccine is introduced, it is critical to monitor trends in
disease rates to ensure that the vaccine is effective and to quantify
its impact. However, estimates from observational studies can be
confounded by unrelated changes in healthcare utilization, changes
in the underlying health of the population, or changes in reporting.
Other diseases are often used to detect and adjust for these changes,
but choosing an appropriate control disease a priori is a major
challenge. The “synthetic controls” (causal impact) method, which
was originally developed for website analytics and social sciences,
provides an appealing solution. With this approach, potential com-
parison time series are combined into a composite and are used to
generate a counterfactual estimate, which can be compared with the
time series of interest after the intervention. We sought to estimate
changes in hospitalizations for all-cause pneumonia associated with
the introduction of pneumococcal conjugate vaccines (PCVs) in five
countries in the Americas. Using synthetic controls, we found a sub-
stantial decline in hospitalizations for all-cause pneumonia in infants
in all five countries (average of 20%), whereas estimates for young
and middle-aged adults varied by country and were potentially influ-
enced by the 2009 influenza pandemic. In contrast to previous re-
ports, we did not detect a decline in all-cause pneumonia in older
adults in any country. Synthetic controls promise to increase the ac-
curacy of studies of vaccine impact and to increase comparability of
results between populations compared with alternative approaches.

pneumococcal conjugate vaccines | synthetic controls | Streptococcus
pneumoniae | observational study | program evaluation

When a new public health intervention such as a vaccine is
introduced, it is critical to monitor disease rates to ensure

that the intervention is effective and to quantify its benefit. This
information is important for policymakers working to prioritize
use of health resources, but obtaining accurate estimates of
vaccine impact is a major challenge.
Vaccine impact is typically evaluated by comparing rates or trends

of the targeted disease in the years after introduction with rates or
trends in the years before introduction using a time-series analysis (1–
8). This type of analysis is used to estimate the total benefit of a new
vaccine, in both vaccinated and unvaccinated individuals. However,
these observational studies cannot easily disentangle changes in dis-
ease rates caused by the vaccine from changes caused by unrelated
factors. Coincident changes in reporting patterns, access to care,
clinical practice, and diagnostic coding practices, as well as social
investments that influence the underlying health of the population,
can either mask or exaggerate the true effect of a vaccine.
Evaluations of the impact of pneumococcal conjugate vaccines

(PCVs) provide a case in point. PCVs target a subset (7, 10, or 13)
of the more than 90 known serotypes of pneumococcus. Use of
PCVs in infants nearly eliminated the targeted serotypes from
vaccinated children and, through indirect effects, unvaccinated
adults, with rates of invasive pneumococcal disease (IPD) in
children declining by an average of 56% (range: 24–83%) within 3 y
in high-income countries (9). However, the incidence of IPD is
relatively small compared with the incidence of pneumonia caused by

pneumococcus (10), particularly in older adults (11). Therefore, to
inform public health policy, it is critical to quantify the extent to which
the vaccine reduces pneumonia hospitalizations in all age groups.
Detecting the population-level impact of vaccines on IPD is

relatively straightforward because a large fraction of the cases is
preventable by the vaccine, so the decline is dramatic. However,
quantifying the impact of the vaccine on rates of pneumonia is
more challenging because many pathogens can cause pneumonia,
including other bacterial species, viruses, and fungi. Therefore, the
relative decline in rates of pneumonia is expected to be far smaller
than the decline in rates of IPD, as was observed in randomized
controlled trials. For example, a trial in Latin America demon-
strated that PCV10 had 67% efficacy against IPD, 22% efficacy
against likely bacterial pneumonia, and 10% against radiologically
confirmed community-acquired pneumonia (12). When evaluating
trends in disease rates over time, these modest vaccine-related
changes in rates of pneumonia are difficult to distinguish from
background noise and secular trends. Thus, it is not surprising that
published estimates of the change in rates of pneumonia after in-
troduction of PCVs vary considerably (13, 14). Better approaches
are needed to separate vaccine effects from unrelated changes.

Significance

Pneumococcus, a bacterial pathogen, is among the most impor-
tant causes of pneumonia globally. Quantifying the impact of
pneumococcal conjugate vaccines (PCVs) on pneumonia is chal-
lenging due to time trends unrelated to the vaccine. We use a
method developed for website analytics and economics called
“synthetic controls” to disentangle changes in pneumonia rates
caused by the vaccine from changes caused by unrelated factors.
We found that PCVs significantly reduce all-cause pneumonia
hospitalizations in young children, and reduce hospitalizations for
invasive pneumococcal disease and pneumococcal pneumonia in
children and adults. In contrast to previous studies, we did not
detect a decline in all-cause pneumonia hospitalizations in older
adults in any of the five countries following the introduction of
the vaccine in children.
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To strengthen the argument that an observed decline in disease
rates is, in fact, caused by a vaccine, many studies compare
changes in the disease of interest to changes in other diseases
during the same time period (7, 8). The goal of these comparative
analyses is to detect unmeasured confounding and bias in the time
series of interest. The general reasoning is that if the disease of
interest declines relative to the comparison disease after vaccine
use begins, then the decline can be attributed to the vaccine.
However, there is no standard methodology for selecting these
comparison diseases or using them to adjust estimates of vaccine-
associated changes. Ideally, diseases used for comparison would
share the same set of potential biases and causal factors as the
outcome of interest but would not be influenced by the vaccine
(15, 16). Identifying a comparison disease that reasonably fulfills
these criteria a priori is a major challenge and requires many
qualitative decisions by the analyst.
A method developed for website analytics and economics re-

search, “synthetic controls,” provides a potential solution to this
problem. With this method, a number of time series that are un-
affected by the intervention are optimally weighted according to
their fit to the outcome of interest in the period before the in-
tervention, then combined into a composite time series. The syn-
thetic composite gives more weight to the predictor variables that
jointly explain the outcome variable best (17, 18). The values for
this composite synthetic control are then estimated in the post-
intervention period, which produces a counterfactual estimate of
what would have happened in the postintervention period had the
intervention not occurred, effectively adjusting for unmeasured
bias and confounding. This general approach has been applied to
various problems, including evaluation of the effects of advertising
on website traffic (using websites unaffected by the ad to construct
the synthetic control) (18) and evaluation of tobacco control pro-
grams on smoking rates (using states that did not have a program
to construct the synthetic control) (17). The increasing availability
of large electronic healthcare databases now allows this approach
to be applied to evaluations of public health interventions.
In this study, we demonstrate how the synthetic control method

[causal impact approach of Brodersen et al. (18)] can be adapted
to detect and adjust for unmeasured bias and confounding in the
evaluation of vaccine programs. Specifically, we applied the syn-
thetic controls method to nationwide administrative databases in
Brazil, Chile, Ecuador, Mexico, and the United States to evaluate
changes in the burden of hospitalizations for all-cause pneumonia
associated with the introduction of PCVs. We show that this ap-
proach can effectively adjust for unexplained trends in the data
from these five countries and offers important improvements over
other commonly used approaches. This approach has the potential
to increase the accuracy and improve the comparability of studies
of vaccine impact between locations with different local biases
and trends.

Results
Unexplained Factors Bias Estimates of Vaccine Impact. We used na-
tionally aggregated, age-specific hospitalization time-series data
from Brazil, Chile, Ecuador, Mexico, and the United States (Fig. 1
and Tables S1 and S2). To evaluate changes in pneumonia hos-
pitalizations that occurred after vaccine introduction, we first
performed a simple comparison of the number of cases of all-
cause pneumonia before and after vaccine introduction, using
nonrespiratory hospitalizations as an offset. Among <12-mo-old
children, the number of hospitalizations for pneumonia was sub-
stantially lower than the counterfactual in the postvaccine period
in Brazil [−22%; 95% credible interval (CI): −27%, −17%],
Mexico (−17%; 95% CI: −28%, −4%), and the United States
(−19%; 95% CI: −23%, −14%). In contrast, the number of hos-
pitalizations for pneumonia did not significantly change compared
with the counterfactual in Chile (−15%; 95% CI: −29%, +2%),
and increased in Ecuador (+17%; 95% CI: +1%, +35%) (Figs. 1
and 2A and Table S3). In adults 80+ years of age, the results also
varied between countries when using this model. Notably, in Brazil
and Ecuador, hospitalizations for pneumonia increased by 25%
(95% CI: 18%, 32%) and 19% (95% CI: 6%, 33%) compared
with the counterfactual (Fig. 2A and Table S3).
The increase in rates of hospitalization for pneumonia among

older adults in Brazil and Ecuador suggested that factors other
than the vaccine had influenced the observed trends. To put these
patterns into context, we repeated this simple analysis for a broad
range of comparison disease categories using data from Brazil
(Table S2). These analyses demonstrated that hospitalizations for
many other disease categories also increased substantially in the
same period among 80+-year-olds (Fig. S1B). Among <12-mo-old
children, the changes in these other disease categories after
PCV10 was introduced were more varied, with both significant
increases and decreases (Fig. S1A).

Use of Synthetic Controls to Adjust for Unexplained Trends. To adjust
for unexplained trends in the data, we used the synthetic control
approach. These analyses yielded several notable results. For all
five of the countries, the introduction of PCVs was associated with
substantial and significant declines in hospitalizations for all-cause
pneumonia among children <12 mo of age (Figs. 2 and 3). The
decline showed a similar trajectory in Brazil, Ecuador, Mexico,
and the United States, and was more pronounced in Chile
(though, as discussed in Sensitivity Analyses and Alternative Models,
the estimates for Chile were less robust to the model structure;
Fig. 3). The average decline across all five countries was −20%
(95% CI: −27%, −12%). However, among 65- to 79-year-olds and
80+-year-olds, we did not detect a decline in hospitalizations for
pneumonia after vaccine introduction in children in any of the five
countries; for example, the estimate for 80+-year-olds was +3%;
95% CI: −4%, +10% (Figs. 2 and 3 and Table S3). For the other
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Fig. 1. Time series of pneumonia hospitalizations (cases) from five countries (black line) among (A) children <12 mo and (B) adults 80+ y, and counterfactual
estimates during the postvaccine period from a model that only adjusts for the number of nonrespiratory hospitalizations and seasonality (blue dotted line)
or the synthetic control model (red dashed line). The vertical dashed line indicates the time of PCV introduction (the date of introduction varied by region in
Mexico). The black horizontal line indicates the period during which the observed/counterfactual rate ratio was calculated.
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age groups, the estimated change differed between countries
(Table S3). Notably, the significant declines in older children and
young/middle-aged adults in some of the countries might have
been biased by the inclusion of the 2009 influenza pandemic during
the fitting period (sensitivity analyses below; Figs. S2 and S3).
In some strata, the estimates were similar between the model

that simply adjusted for nonrespiratory hospitalizations and the
model that adjusted for the synthetic control (e.g., declines of
−25% vs. −22% in hospitalizations for all-cause pneumonia
among children <12 mo of age in Brazil with and without a syn-
thetic control, respectively; Fig. 1 and Table S3). This consistency
would be expected if there are no unexplained biases in the data.
However, in other strata, the synthetic control adjustment changed
the estimates substantially. Among 80+-year-olds in Brazil, the
model without the synthetic control estimated a 25% (95% CI:
18%, 32%) increase in pneumonia rates associated with in-
troduction of PCV, whereas the model with a synthetic control
estimated no change in pneumonia rates (−2%, 95% CI: −14%,
+11%). The weight given to different variables in the synthetic
control differed by age group and country (SI Results and
Dataset S1).

Validation of Synthetic Controls Using Other Categories of Pneumococcal
Disease. Analyses of other categories of pneumococcal disease
can be used to evaluate the epidemiological credibility of the
estimates of the declines in all-cause pneumonia. The relative
decline in disease rates should be correlated with the specificity
of the case definition—more-specific definitions (e.g., IPD,
pneumococcal pneumonia) should have greater relative declines
than less-specific definitions (e.g., all-cause pneumonia) because
a larger fraction of cases are caused by vaccine-type pneumo-
cocci. When using the synthetic control model, the estimates
followed the expected pattern: for children <12 mo of age, the
greatest estimated decline was for IPD (−59%; 95% CI: −66%,
−52%), followed by pneumococcal/lobar pneumonia (−39%,
95% CI: −66%, −24%), followed by a more-specific definition of
all-cause pneumonia (19) (−26%; 95% CI: −34%, −16%), and
finally the less-specific definition of all-cause pneumonia that
was used for the main analyses (−14%; 95% CI: −23%, −3%;
Fig. 4A). The same pattern of greater reduction with higher
specificity was seen for the point estimates for all of the other
age groups (Fig. 4A). In contrast, estimates from models that
only adjusted for nonrespiratory hospitalizations or linear trend
did not follow this expected pattern (Fig. 4 B and C).

Sensitivity Analyses and Alternative Models. To validate the synthetic
control approach, we divided the prevaccine data from each
country into different 48-mo training periods and 12-mo evalua-
tion periods. The counterfactual estimates matched the observed

data (rate ratio of 1) in most instances for the <5-y-old age group
and age groups over 65 years when using the synthetic controls
(Fig. S2). In Brazil and Chile, the models did not perform well
(credible intervals for the rate ratios did not include 1) for the age
groups that were most affected by the 2009 influenza pandemic
(older children and young and middle-aged adults) when the
postvaccine evaluation windows included the pandemic period (SI
Results and Fig. S2). The estimates for Chile and Ecuador were
also more subject to short-term variations than for the other
countries (Fig. S2). As a further sensitivity analysis, we used dif-
ferent prevaccine training periods and estimated the rate ratios
using the same evaluation period; the credible intervals for the
rate ratios in older children and adults mostly overlapped 1 when
excluding 2009 from the training period (Fig. S3).
The sensitivity of the results to the exclusion of specific variables as

potential components of the control differed by country and age
group, with highly consistent results for Brazil and the United States,
and less-consistent results for the other countries (Fig. S4). The
estimates for children <12 mo of age in Ecuador, Mexico, and Chile
were sensitive to the specific variables included. In particular, J20–
J22 (bronchitis/bronchiolitis) was an influential variable. The exclu-
sion of J20–J22 generally increased heterogeneity of results between
studies among children <12 mo and 12–23 mo of age compared with
the models that included bronchitis/bronchiolitis (Table S3). In some
instances, the models excluding J20–J22 did not properly adjust
for pneumonia epidemics (leading to smaller estimates of vaccine-
related declines). A notable exception is the estimates for <1-y-old
children in Chile, where the effect of the vaccine was possibly over-
estimated when J20–J22 was included (Figs. 1–3).
We also evaluated two alternative models (SI Results and Table

S3) that had a simple adjustment for linear trend or used non-
respiratory hospitalizations as the sole covariate in the model
(rather than as an offset). In some instances, these models gave
results similar to the synthetic control model, but they were less
likely to detect an effect of the vaccine in children, and, as noted
above, the rate ratio estimates from these alternative models did
not follow the expected patterns among different categories of
pneumococcal disease, whereas the estimates from the synthetic
control models did.

Discussion
We have used synthetic controls to assess the population-level
impact on pneumonia of vaccinating children with PCVs. In so
doing, we have shown that using synthetic controls provides a
promising way to adjust for unmeasured bias and confounding in
observational studies that evaluate the impact of public health
interventions. Our results showing a reduction in all-cause
pneumonia following introduction of PCVs in infants, and to
some extent in young children, agree with previous studies. We
also confirmed that invasive pneumococcal disease and pneu-
mococcal pneumonia declined in children and adults. However,
contrary to previous reports (7, 20), we did not detect a re-
duction in all-cause pneumonia among adults 65 y and older in
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any of the five countries. This is notable because the burden of
all-cause pneumonia in this age group is large, and the fraction
that is indirectly preventable by vaccinating children might be
smaller than previously estimated (7, 20). Declines were also
observed in older children and younger adult age groups in some
countries, but validation and sensitivity analyses suggest that
some of these declines were biased by inclusion of the 2009 in-
fluenza pandemic during the prevaccine period.
Our analyses show that although observational studies of vac-

cine impact come with multiple caveats, use of synthetic controls
has the potential to improve the accuracy of the estimates. This
approach to adjusting for unmeasured bias and confounding,
irrespective of source, increases comparability of such assessments
across settings.

Use of Synthetic Controls to Evaluate Impacts of Vaccination. Aside
from conducting a large and expensive cluster-randomized trial,
time trend analyses are the only method that can quantify both the
direct effects of being vaccinated and the indirect effects that re-
sult from disrupting transmission. However, because any number
of factors can influence disease rates around the time of vaccine
introduction, time-series analyses are susceptible both to incor-
rectly attributing unrelated changes to a vaccine and to missing a
vaccine-related change hidden by an unrelated factor. Analyses
that incorporate synthetic controls to adjust for unmeasured bias
and confounding have several distinct advantages over approaches
currently used; first, they are more likely to correctly control for
these unrelated changes than other methods, potentially in-
creasing accuracy as well as comparability of results between
studies and study settings. Second, the analyst is not required to
handpick individual comparison diseases a priori, a process that
itself can introduce bias; instead, the method combines time series
of hospitalizations for many disease outcomes into a single syn-
thetic composite time series, with each component weighted
according to its fit to the disease of interest in the preintervention
period. The result is a time series that is more likely to behave like
the disease of interest in the postintervention period than any
single comparator. Third, the synthetic control eliminates the need
to assume that any trend beginning in the prevaccine period
continues linearly into the postvaccine period, as is done with the
commonly used interrupted time-series analysis. Fourth, the ana-
lytic framework can readily be used to incorporate any time series
relevant to the outcome of interest into the synthetic control. For
example, time series of virological data [e.g., confirmed influenza
or respiratory syncytial virus (RSV) infections] could be used to

adjust epidemics of pneumonia, assuming they are not themselves
influenced by the vaccine.
Synthetic controls can also be implemented for different types

of study designs and different levels of data availability. For ex-
ample, synthetic controls could be used for prospective studies of
pneumonia trends or to adjust for changes in ascertainment over
time for studies of invasive bacterial diseases (using time series of
other pathogens as components of the synthetic control) (21, 22).
In settings where it is not feasible to extract a large number of time
series to use as components of the synthetic control (e.g., in a
setting with only paper health records), the approach might still be
useful, albeit with fewer contributing time series. In such a situa-
tion, studies from countries with electronic data might be used to
guide selection of time series that are most likely to be informa-
tive. In all of these scenarios, the synthetic control approach pro-
vides the important advantage of accounting for model uncertainty
(and subsequent uncertainty in the estimates of the counterfactual)
in a way that current approaches do not.
To use the synthetic control approach optimally, we propose the

following guidelines. First, we suggest presenting results from both
a model that adjusts only for all-cause hospitalizations or pop-
ulation size and one that adjusts using the synthetic control; pre-
senting results from both models increases the likelihood of
detecting potential biases, as was the case for the older adults in
Brazil. Second, we suggest presenting results of sensitivity analyses
in which the most heavily weighted components of the control are
removed, and the models are rerun (Fig. S4). Third, we suggest
validating the model by using one subset of prevaccine data to
predict values in a second subset of prevaccine data (Fig. S2), with
the expectation that there should be no effect if the relationships
among the variables are stable. This approach can help to identify
potential issues with the analyses, as with the effect of the 2009
influenza pandemic in older children and young/middle-aged
adults in Brazil (Fig. S3). Fourth, whenever possible, analyses of
positive controls—time series for which one is highly confident
that an intervention will have an impact—should be included; for
example, invasive pneumococcal disease in the case of PCVs.
Several caveats must be noted when interpreting the results.

The synthetic controls method makes two major assumptions: that
use of PCVs does not affect the incidence of the diseases that are
components of the synthetic control, and that the only change in
the relationship between pneumonia and the components of the
synthetic control over time is caused by the vaccine. If the con-
tributors to the synthetic control have themselves been subject to a
separate intervention (e.g., rotavirus vaccine), this assumption
would be violated. If a disease time series is expected to be af-
fected by the vaccine, it must be excluded from the synthetic
control; likewise, if reporting or coding for pneumonia changes
over time (e.g., due to awareness of pneumonia as a public health
issue following PCV introduction), the assumption that the re-
lationship among the time series is consistent over time would be
violated. Likewise, some factors affecting the outcome of interest
might not be captured by the time series available for inclusion in
the synthetic control—for instance, the 2009 influenza pandemic
was not fully adjusted by the model, and therefore the relationship
between pneumonia and the components of the synthetic control
change during this time period. If the assumptions of the synthetic
controls model are fulfilled, then the difference between the ob-
served and counterfactual values can be interpreted as the causal
effect of the vaccine (16). However, as with any observational
study, results must be interpreted cautiously; synthetic controls can
help to reduce the effects of unmeasured bias and confounding,
but they are unlikely to completely eliminate it.

Impacts of PCVs on Pneumococcal Disease. Assessments of vaccine
impact are a particular challenge because there is no “ground-
truth” estimate for how much disease rates should be expected to
decline following vaccine introduction. We get some approxima-
tion from randomized controlled trials and case-control analyses,
both of which provide an estimate of the direct protection obtained
by receiving the vaccine, although these do not capture the indirect
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Fig. 4. Changes in hospitalizations in the United States (rate ratios) due to
IPD (turquoise), lobar/pneumococcal pneumonia (orange), all-cause pneumonia
[Grijalva and coworkers’ (19) definition, purple], all-cause pneumonia (as de-
fined in this study, pink) adjusted using (A) synthetic controls; (B) linear trend,
nonrespiratory hospitalizations (as the denominator), and seasonality; and (C)
only nonrespiratory hospitalizations (as the denominator) and seasonality.
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effect of the vaccine that results from disrupting transmission. The
estimates of the PCV-related reduction in hospitalizations of in-
fants for all-cause pneumonia produced by the synthetic controls
approach are larger than the both 10% against clinical pneumonia
found by a randomized controlled trial in Latin America (12) and
the 11% reduction in pneumonia hospitalizations in children less
than 2 y of age found by a case-control study in Chile (23). Given
that trend analyses capture both direct and indirect effects of the
vaccine, it is reasonable that our estimates would be larger than
those found by clinical trials or case-control studies, which only
capture direct effects. Estimates from time trend analyses have
been more varied. For instance, a 13% reduction in clinical
pneumonia in children <12 mo was found from a population-based
surveillance study in Brazil (24), whereas estimates of ∼20% and
40% were found using administrative databases from Brazil and
the United States, respectively (7, 25).
Aside from comparing estimates from time trend studies to

randomized controlled trials, the best ground-truth estimate of
vaccine impact that we can obtain is to quantify changes in more-
specific categories of pneumococcal disease, where high-quality
surveillance studies provide an estimate of the expected decline.
When evaluating categories of pneumococcal disease with differ-
ent specificities, the relative decline should be greater for disease
categories that are more specific for pneumococcus (12, 26). Both
the synthetic control models and models with simpler adjustments
gave estimates of declines in IPD that were comparable to esti-
mates from active surveillance data from the United States (27).
The advantage of the synthetic control approach can be seen when
comparing estimates of vaccine-related changes in four categories
of pneumococcal disease. The point estimates from the synthetic
controls model followed the expected patterns, with greater de-
clines for more specific definitions across most age groups (Fig. 4).
In contrast, using simpler adjustment methods, the expected pat-
tern was only seen among children.
In contrast to some previous studies, we found no vaccine-re-

lated reductions in pneumonia among people age 65+. Although
one trend study from the United States reported no decline in
confirmed or presumptive hospitalized pneumonia cases in this
age group (28), others that used large administrative databases
found significant PCV-related reductions in pneumonia hospital-
ization in seniors (7, 8, 19, 20). Our secondary analyses, in which
we use a simple linear trend to make the adjustment, might ex-
plain this difference. Trend-line adjustments in the other studies
might have been skewed upward by severe pneumonia seasons
during the prevaccine years, thereby leading to larger apparent
vaccine impact when extrapolated into the postvaccine period.
Synthetic control adjustments are less sensitive to such short-term
epidemics than are linear trends, even if they are not immune.
There are at least two possible explanations for our results in

older adults; one is that any indirect effect on all-cause pneu-
monia in older adults is either nonexistent or too small to esti-
mate reliably from time-series data due to insufficient power.
Although we did find substantial declines in hospitalizations for
IPD and lobar/pneumococcal pneumonia among people 65+ y
in the United States after introduction of PCV7, vaccine-type
pneumococci might comprise a smaller-than-expected fraction of
all-cause pneumonia cases than previously thought. It is also
possible that increases in pneumonia hospitalizations due to
other pathogens either offset any indirect benefit or mask de-
clines due to pneumococcus. A second possibility is that our
synthetic control approach might not fully adjust for unmeasured
bias and confounding, so true declines might be masked. Re-
gardless, the burden of pneumonia in older adults is tremendous,
so small relative declines (even if they cannot be reliably mea-
sured from time-series data) could translate into large numbers
of cases prevented.
We found some unexplained variability in estimates of vaccine-

associated changes between countries, particularly among young
and middle-aged adults; these were the age groups with the highest
hospitalization rates during the 2009 pandemic, and significant
declines in pneumonia in these age groups were notably only

found in countries where the baseline period included the pan-
demic. Including the pandemic during the fitting period has the
potential to bias the counterfactual upward and thus exaggerate
the estimated declines, which the sensitivity analyses in Figs. S2
and S3 suggest might have occurred. Alternative approaches to
adjust for the pandemic (including the inclusion of time series of
virological data as components of the synthetic control) could
help to adjust for these biases. The variability in the estimated
impacts of the vaccine between countries for some age groups
highlights the perils of trying to interpret data from a single
country on its own, without context.
Our results were sensitive to some modeling choices and not to

others. Inclusion of bronchiolitis/bronchitis (J20–J22) time series
as a component of the synthetic control had a pronounced effect
on the estimates; for instance, the estimated magnitude of a vac-
cine-associated effect on all-cause pneumonia for each age group
in Chile was substantially larger when bronchiolitis/bronchitis
(J20–J22) was included in the synthetic control (Table S3). The
validity of including bronchiolitis/bronchitis in the model is de-
batable. On one hand, bronchiolitis/bronchitis are acute respira-
tory illnesses strongly associated with RSV in young children; they
likely share many causal mechanisms with all-cause pneumonia
and can potentially explain short-term epidemic patterns (i.e., if
epidemics of pneumonia are also caused by RSV or some other
shared environmental factor). However, PCVs could plausibly
influence the rate of bronchiolitis/bronchitis hospitalizations as
indicated by results showing RSV-associated disease decreasing in
the United States following PCV introduction, in violation of one
of the model assumptions (29).
Although the use of synthetic controls is not a guarantee against

bias and confounding, we believe that this approach will increase
the probability of obtaining accurate and interpretable estimates
of vaccine impact that can be shared with public health decision-
makers. Despite the complex computing involved, using the syn-
thetic control method is straightforward, thanks to an R package
developed by Brodersen et al. (18). We include code for imple-
menting this package with administrative hospitalization data
(Datasets S2–S4). The adoption of this methodology has the po-
tential to improve the quality and transparency of vaccine benefit
estimates as well as the comparability between studies conducted
in different settings.

Methods
Data Sources and Definitions.We used routinely collected administrative data
on hospitalizations from Brazil, Chile, Ecuador, Mexico, and 10 states in the
United States (Table S1). The unifying characteristic of the five databases is
that they all use International Classification of Diseases (ICD) codes to classify
the cause of hospitalizations. The primary outcome for all analyses was all-
cause pneumonia. For the components of the synthetic control, we used the
ICD chapters, which group disease codes thematically (e.g., infectious and
parasitic diseases, diseases of the respiratory system, etc.). Some codes that
identified specific diseases were also used. Codes that could potentially be
influenced by the introduction of PCVs were excluded from the covariates (SI
Methods). The Human Investigation Committee at Yale University deter-
mined that this study is exempt from review.

Preprocessing Data. All of the time series were log-transformed and stan-
dardized before being used for analysis. This transformation helped to mini-
mize the effects of epidemics on the long-term trends and associations. After
model fitting and before calculating the rate ratios and cases prevented, the
observed and predicted values were transformed back to the original scale. For
data from Brazil, additional preprocessing was required to adjust for an abrupt
shift in coding that occurred at the start of 2008 due to a change in reim-
bursement policies (SI Methods).

Estimating Vaccine-Associated Declines.When estimating the effect of a vaccine
using time-series data, it is necessary to compare the observed number of cases
with a counterfactual estimate of what the number of cases would have been if
the vaccine had not been introduced. We compare the synthetic control ap-
proach with other approaches that are commonly used to generate counter-
factuals. In a simple pre/postanalysis (model 1; Eq. 1), the counterfactual for the
postvaccine period is based on the seasonally adjusted mean number of cases
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for the prevaccine period. We adjusted for seasonal variations using indicator
variables for month of the year [ck*I{monthk = m(t)}]. Changes in population
size or changes in the volume of nonrespiratory hospitalizations (NRH) were
adjusted using an offset:

logðpneumonia  casestÞ= β0 +
X

k

h
ck * Ifmonthk =mðtÞg

i
+ logðNRHtÞ. [1]

With the synthetic control approach [causal impact method of Brodersen
et al. (18)] (model 2; Eq. 1), we used time series for specific other diseases to
adjust for trends unrelated to the vaccine. The control time series were in-
corporated into a regression model fit to pneumonia data from the pre-
vaccine period. Bayesian variable selection was used to weight the different
control time series, effectively giving more weight to those predictor vari-
ables that jointly explain the outcome variable best. These weights are used
to generate a composite control variable (the synthetic control), which ad-
justs the counterfactual for changes in these other time series. Notably, log
(NRHt) can be included as one of the potential control variables.

logðpneumonia  casestÞ= β0 +
X

k

h
ck * Ifmonthk =mðtÞg

i
+

Xh
binary_inclusion_indicatorj * coeffj* log

�
control_time  seriesjt

� [2]

In this model, Σ[binary_inclusion_indicatorj*coeffj*log(control_time seriesjt)]
is the set of control time series, weighted by their inclusion indicators and
regression coefficients. The binary_inclusion_indicatorj are independent
Bernoulli (π)-distributed random variables that determine the presence or
absence of a particular control series in the model (0: excluded; 1: included).

For the variable selection step, spike and slab priors were used with equal
prior probability for inclusion for all covariates (18), and this probability was
set so that the prior inclusion probability for each variable was π = 0.5. We
also evaluated models that excluded J20–J22 as a potential component of
the synthetic control (a heavily weighted covariate that might potentially be
influenced by the vaccine), as well as models that performed simple ad-
justments for linear trend or that included log(NRHt) as the only covariate
(rather than as an offset) (SI Results). Each of the models was fit to pneu-
monia data from the pre-PCV period and used to generate counterfactual
estimates for a post-PCV evaluation period. We used the bsts (30) and
CausalImpact (18) packages in R for model fitting. For details on the calcu-
lation of the counterfactuals and rate ratios and additional details on the
model, see SI Methods. The R code used for these analyses and the time
series are included in Datasets S2–S10 and can be found at https://github.
com/weinbergerlab/synthetic-control/.
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