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Summary
Background Despite decades of research on the influenza virus, we still lack a predictive understanding of how
vaccination reshapes each person’s antibody response, which impedes efforts to design better vaccines. Models using
pre-vaccination antibody haemagglutination inhibition (HAI) titres against the vaccine strain alone poorly predict
post-vaccination responses.

Methods We combined fifteen prior H3N2 influenza vaccine studies from 1997 to 2021, collectively containing
20,000 data points, and develop of a machine learning model that uses pre-vaccination HAI titres against
multiple influenza variants to predict post-vaccination responses. To further test the model, four new
vaccine studies were conducted in 2022–2023 spanning two geographic locations and three influenza vaccine
types.

Findings The most predictive pre-vaccination features were HAI titres against the vaccine strain and against
historical influenza variants, with smaller predictive power derived from age, sex, vaccine dose, and
geographic location. The resulting model predicted future responses even when the vaccine strain or vaccine
formulation changed. A pre-vaccination feature—the time between peak HAI across recent variants—
distinguished large versus small post-vaccination responses with 73% accuracy. Model predictions against
prior vaccine studies had 2.4-fold error (95% CI: 2.34–2.40x, no large outliers with >4-fold error), yielding
more accurate and robust predictions than a null model with 3.2-fold error (95% CI: 3.12–3.21x, 12% large
outliers). The four new vaccine studies presented here were predicted with comparable accuracy to the
intrinsic 2-fold error of the experimental assay.

Interpretation A person’s pre-vaccination influenza HAI titres using multiple variants are highly predictive of their
post-vaccination response. Many individuals exhibited little-to-no vaccine response, as exhibited by the null
model’s accuracy, yet the machine learning model identified and accurately predicted both weak and strong
responses with statistical superiority. Taken together, this approach paves the way to better utilise current
influenza vaccines, especially for individuals that exhibit the weakest responses.
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Research in context

Evidence before this study
Multiple studies have noted the heterogeneity in antibody
responses following influenza vaccination. While this
variability has been linked to factors including age, sex, and
the pre-vaccination antibody response, we lack methods that
can use such features to accurately predict individual
responses before vaccination, limiting their practical utility.
Most prior models have been tested in a single influenza
season, yet a robust predictive framework must generalize to
future seasons.

Added value of this study
We develop a machine learning algorithm trained on historic
influenza H3N2 studies to predict individual responses in
future seasons. The most predictive features were pre-
vaccination antibody titres against both the vaccine strain

and historical influenza variants. The model achieved 2.4-fold
prediction accuracy, outperforming a null model (3.2-fold
accuracy) across past datasets and four new vaccine studies.
Notably, the model does not require explicit encoding of the
vaccine strain but instead learns from prior responses to that
strain.

Implications of all the available evidence
Predicting vaccine responses could help identify individuals
unlikely to benefit from standard vaccines, guiding
personalized vaccine strategies. Surprisingly, neither high-
dose vaccines, different inactivated formulations, age, sex, nor
geographic location significantly altered response patterns.
The null model’s performance suggests that, while influenza
vaccines elicit a measurable population-level antibody
response, many individuals exhibit little-to-no response.
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Introduction
Although the number of influenza vaccine platforms has
rapidly grown over the past years, we lack methods to
predict which individuals will poorly respond to a vaccine
or what modifications would improve outcomes. Given
influenza’s rapid evolution, it is unclear which virus strain
(or variant, both terms used interchangeably) will arise
next. Currently, vaccine design is “virus-centric,” where the
primary goal is to ensure the vaccine strain matches the
dominant circulating strain in the coming season.1–3 To
quantify the vaccine’s immunogenicity, these efforts are
complemented by ferret and human studies, each with
their owns strengths and shortcomings.3–5

Human studies examine how responses to an exist-
ing vaccine inhibit future variants, but they do not test
vaccines composed of new candidate strains. Ferret
studies can directly compare infection responses from
candidate strains, yet these ferret data do not capture the
heterogeneity nor the complex immune history in
humans. Due to such limitations, influenza vaccine
effectiveness remains around 20–50% even in seasons
when the vaccine strain matches the dominant circu-
lating strain, with a sizeable fraction of individuals
showing no measurable vaccine response.6–9 This
underscores the need for a combined virus-and-people-
centric approach based upon both a strain’s prevalence
and the immunity it elicits in people.

Vaccination induces a complex cascade of immune
interactions spanning innate and adaptive immunity.5

In this work, we focus on the antibody response that
plays a central role in mediating protection against
influenza, specifically focusing on the haemagglutina-
tion inhibition (HAI) assay that correlates with
protection.10–12 HAI quantifies how antibodies within
sera block the virus from binding sialic acids on red
blood cells, with higher HAI titres associated with
greater protection.13
Although numerous studies use HAI to assess vac-
cine responses, we lack frameworks that can predict
each person’s vaccine response a priori and identify why
the same vaccine elicits large HAI titres in some but low
titres in others (Fig. 1a). Prior exposures may boost
subsequent vaccine responses14,15 or prevent develop-
ment of de novo B cell responses.16,17 Antigenic seniority,
imprinting, vaccine blunting, and antibody ceiling ef-
fects have been observed, often at the population level,
yet it is unclear how they weave together to shape each
person’s post-vaccination response.6,18–21

Indeed, using pre-vaccination (pre-vac) HAI to
predict influenza responses in future seasons has
proved challenging. Some studies found that vaccine
responses in one season can predict others’ responses in
that same season.22–24 Yet Parvandeh et al. showed that a
model trained in one season (R2 = 0.63 training) can
poorly generalize to a different season (R2 = 0.26–0.36
testing),25 with similar results found by Wu et al.
(R2 = 0.25–0.38).26

Different modelling approaches have shown that
certain aspects of the vaccine response are predictable.
Groups opting for the simpler task of classification
(whether responses meet a threshold such as HAI ≥ 40
or fold-change ≥ 4x), rather than directly predicting
post-vaccination HAI, report accuracy as high as
89%.22–24,27–29 Others used data from the early vaccine
response (days 1–7 post-vaccination) to further improve
predictions.27 Despite these advances, we lack frame-
works that can be used at the start of a season to pick the
best vaccine candidate and forecast its post-vaccination
HAI titres.

This work develops such a model that predicts exact
post-vaccination HAI titres and tests it across influenza
seasons from 2009 to 2021, with training always
restricted to data from prior seasons. A key innovation
from previous methods is that this model not only uses
www.thelancet.com Vol 116 June, 2025
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Fig. 1: Characteristics of the post-vaccination antibody response across multiple studies. (a) Antibody inhibition against multiple variants is
heterogeneous across the population. Two representative examples of a strong and weak vaccine response (IDs 69 and 117 from the 2016
FoxHCW dataset, Table 1) showing pre-vac [grey] and 1-month post-vac HAIs [green]. The vaccine strain is denoted by a pink halo and variants
are ordered from oldest-to-newest [purple-to-green viruses; past variants to the left of vaccine strain, future variants to its right]. (b) Dis-
tribution of vaccine strain HAI titres 1-month post-vac across the 15 prior studies from Table 1. HAI geometric mean titre (GMT = 95) is shown
by a dashed line. (c) Tendency of post-vaccination titres to be high (HAI ≥ 80) or low (HAI ≤ 40) over two consecutive seasons (x-axis, all from
the UGA studies). The percent in each class is shown above the bars. (d) Summary of high or low titres across all years (boxes) and the tendency
to maintain these profiles over consecutive seasons (arrows).
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pre-vac HAI against the vaccine strain, but against
dozens of historical variants, providing a shared feature
space to combine past studies. Whereas models
focusing exclusively on the vaccine strain deal with a
moving target, our approach uses a set of variants that
can be measured year after year to provide a fixed basis.

Variants also describe the antibody response with
higher resolution. For example, they quantify how well
the vaccine response cross-reacts against strains not
included in the vaccine, a crucial metric given in-
fluenza’s rapid evolution and the potential for vaccine
mismatch. Other groups have used variants to infer
prior exposure history (e.g., did a substantial pre-vac
HAI arise from a mild infection this year or a
serious infection in a prior year30) and quantify
imprinting effects, both of which shape future re-
sponses.4,31 Variants also provide a way to buffer the
inherent error of the HAI assay, since a 4-fold increase
in HAI titre against the vaccine strain is more credible
when this same fold-change is seen against recent
variants.
www.thelancet.com Vol 116 June, 2025
In addition to pre-vac HAI against the vaccine strain
and variants, other host features (e.g., age,18,32,33

demographics,26 genomics34,35) have been shown to affect
the antibody response, yet their effects are often assessed
one study at a time, and it is unclear how much they
improve vaccine predictions in future seasons. Here, we
demonstrate how combining multiple studies readily
quantifies how any combination of parameters constrains
the post-vaccination response. The most predictive vari-
ables not only inform future study design but also provide
the ingredients to model the vaccine response.

Using those maximally predictive variables, we
develop an algorithm that takes a person’s HAI titres
pre-vac to predict their peak HAI response 3–4 weeks
post-vaccination (henceforth referred to as “1-month
post-vac”). This analysis focuses exclusively on H3N2,
since over half the datasets examined only measured
this subtype. Our key findings include: (1) By
combining data from prior vaccine studies, heteroge-
neous vaccine responses across ≥10 influenza seasons
can be predicted with accuracy comparable to
3
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experimental noise. (2) Prediction accuracy holds across
four new vaccine studies we conduct (in 2022 and 2023)
spanning three vaccine types and two geographic loca-
tions. For that challenge, the computational team (T.E.)
was blinded and only given the pre-vac data to strin-
gently test the model’s predictive power. (3) The most
informative variables for the post-vac response are an
individual’s pre-vac HAI against the vaccine strain, their
pre-vac HAI against other influenza variants, whether
they receive an inactivated versus live attenuated vac-
cine, and their prior influenza exposure history. In
comparison to these variables, age and other de-
mographic information only marginally improved pre-
diction accuracy. (4) While individual studies may find
different relationships between variants, combining
multiple studies leads to universal relations that accu-
rately predict post-vac titres. (5) The magnitude of the
fold-change post-vac is strongly associated with the
number of years (ΔPeak) between the two most recent
peaks in the HAI landscape; 2 ≤ ΔPeak ≤ 3 yields a large
fold-change while 4 ≤ ΔPeak ≤ 6 leads to a smaller
fold-change in 73% of cases.

The resulting algorithm is built upon a machine
learning approach that finds relations between pre- and
post-vac HAI titres from large-scale influenza vaccine
studies going back to 1997. Instead of splitting each
dataset into training/testing sets, we restrict ourselves to
the harder prediction challenge of training on some
datasets and testing on entirely different datasets. These
zero-shot predictions are done forward in time; for
example, to predict a person’s vaccine response in 2020,
training was done on data from 2019 and before. Thus,
each dataset provides external validation for this
method, with the model going back in time to the start
of each season and only training on prior data. Every
variant measured in at least one prior study is predicted
based on its pre-vaccination titres, without needing to
“peek” at the initial vaccine response.4,36–40
Methods
Datasets analysed
We conducted a PubMed search (keywords: “influenza
human vaccination H3N2 haemagglutination inhibition
variants”) and manually searched for studies, or refer-
ences within those studies, measuring vaccine responses
in ≥25 people, ≥6 H3N2 variants, and where the data
was either publicly available or could be requested from
the authors. The resulting vaccine studies are described
in the following manuscripts: Fonville,4 Hinojosa,41 Fox,42

UGA,43 Crotty [this work]. Vaccine strains are listed in
Supplementary Fig. S1; in 14/16 studies the vaccine
strain was included in the variant panel, but in two cases
the closest variant was used instead (2009 Fonville:
A/Perth/27/2007 [ΔAAEpitope = 1 substitution in the HA
head compared to A/Brisbane/10/2007], 2021 UGA:
A/Tasmania/503/2020 [ΔAAEpitope = 2 substitutions
compared to A/Cambodia/e0826360/2020]). Each study’s
name contains the year of vaccination (e.g., 2016 FoxNam
represents a 2016 vaccine study).

The explicit time points measured in each study can
subtly differ. 2016 FoxNam/HCW and 2016/2017 UGA
measured the response 21 days post-vac, whereas all other
vaccine studies measured the day 28 post-vac response. In
2020/2021 UGA, measurements were given as a spec-
trum of more precise dates (i.e., participants were asked to
return 28 days post-vaccination, but the exact date of the
post-vac visit was recorded. This exact date ranged from 21
to 71 days, and a similar spread is expected in all other
studies). Such subtleties in timing were ignored in this
analysis, with all post-vaccination time points treated as “1-
month post-vaccination,” which simplifies time from a
continuous variable to a Boolean variable.

Sex was treated as a biological variable. In our new
vaccine studies, all participants were allowed to enrol
regardless of their sex/gender, and the resulting cohorts
were balanced across sex (Supplementary Fig. S1).

Variants
The full list of H3N2 variants measured in each dataset
are given in Supplementary Fig. S2c. The four new
vaccine studies conducted in this work measured HAI
titres against A/Hong Kong/4801/2014 (except 2023
UGA), A/Singapore/INFIMH-160019/2016, A/Kansas/
14/2017, A/South Australia/34/2019, A/Hong Kong/
2671/2019, A/Tasmania/503/2020, and A/Darwin/9/
2021. Most viruses were propagated in embryonated
chicken eggs in the lab of Dr. Ted Ross for all four new
vaccine studies. The only exceptions were A/Darwin/9/
2021 and A/Kansas/14/2017 in the 2023 CrottyAfluria/
FluMist studies, which due to limited reagents were
instead supplied by Dr. Florian Krammer.

All vaccine strains were egg-grown, and all variants
from the Hinojosa, UGA, and Crotty studies were egg-
propagated. Variants from the Fox studies were mostly
cell-passaged (see Table 1 from that reference42), while the
Fonville study did not report passaging information.
However, there was little difference between the HAIs of
egg- versus cell-passaged variants (Supplementary
Fig. S2e), and such differences were ignored in the model.

Analogous variants differing by ΔAAEpitope ≤ 5 were
equated in the order of their smallest ΔAAEpitope values
(Supplementary Fig. S2b). In case of ties, virus ana-
logues that increased the overlap across all studies were
prioritised. 3-way analogues (e.g., A/Hong Kong/1/1968
≈ A/Bilthoven/16190/1968 ≈ A/Aichi/2/1968) were
only considered if ΔAAEpitope ≤ 5 across all pairs.

Vaccine study participants
25 participants were recruited for each of the four
new influenza vaccine studies presented in this work
(2022 UGA, 2023 UGA, 2023 CrottyAfluria, and 2023
CrottyFluMist). These studies administered different
formulations of the influenza vaccine from that season.
www.thelancet.com Vol 116 June, 2025
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The 2022 UGA study administered the 2022–23 vac-
cine comprising H1N1 A/Victoria/2570/2019, H3N2 A/
Darwin/9/2021, B/Austria/1359417/2021 (B/Victoria
lineage), and B/Phuket/3073/2013 (B/Yamagata lineage).
As in prior UGA studies, participants less than 65 years
old were given standard-dose [15 mg/component] Flu-
zone Quadrivalent (Sanofi Pasteur). Participants aged 65
or older were offered the high-dose [60 mg/component]
Fluzone Quadrivalent (Sanofi Pasteur), and 3/5 of par-
ticipants in this age group opted for the high-dose vaccine
(see GitHub data for information on vaccine dose).

All three 2023 studies administered the 2023–24
vaccine composed of H1N1 A/Victoria/4897/2022 and
the same H3N2, B Victoria, and B Yamagata strains as
the 2022–23 vaccine. In the 2023 UGA study, partici-
pants under 65 years old were given standard-dose
Fluzone Quadrivalent (Sanofi Pasteur) while those 65
and older were offered the high-dose version, with 9/10
participants in this age group opting for the high-dose
vaccine. All participants in the 2023 CrottyAfluria study
received the 2023–24 formulation of Afluria Quadriva-
lent (Seqirus) while those in 2023 CrottyFluMist received
FluMist Quadrivalent (AstraZeneca).

In all studies, sera were collected pre-vaccination
(day 0) and one-month post-vaccination (day 28) in the
fall of their respective year. Participants for the 2022
UGA and 2023 UGA studies were recruited from
medical facilities near Athens GA while those in the
Crotty studies were recruited from La Jolla CA. The SST
tube of one participant in 2023 CrottyAfluria clotted
during the one-month blood draw resulting in n = 24
post-vaccination samples, and the unpaired pre-
vaccination sample was dropped from our analysis.

Analysing HAI titres
The haemagglutination inhibition (HAI) assay quan-
tifies how potently serum inhibits a virus from binding
red blood cells, with larger titres representing a more
potent serum. This assay is done using 2-fold dilutions,
so HAI titres can equal 10, 20, 40… Plots with too many
overlapping points were jittered for clarity. Sera that did
not inhibit haemagglutination at the lowest dilution
(HAI <10) were denoted by HAI = 5.

As in previous studies, all analysis was done on
log10(HAI titres) because experimental measure-
ments span orders of magnitude, and taking the log-
arithm prevents biasing the predictions toward the
largest values while also accounting for the declining
marginal protection from increasing titres.10

Intrinsic noise of the HAI assay
Prior work has shown that the HAI assay has roughly 2x
error. Harvey et al. reported HAI from influenza sur-
veillance data, where HAI from the same ferret sera were
measured against the most common circulating variants
each week.44 Their dataset contained ∼2,300,000 repeat
measurements of the same serum–virus pair, and these
www.thelancet.com Vol 116 June, 2025
measurements were consistent with Gaussian error (on a
log2 scale) with standard deviation σ = 1 (i.e., 2-fold error).
More precisely, 40.0% of their repeat measurements did
not change (1x error), 42.5% had 2x error, 12.6% had 4x
error, 3.5% had 8x, and 1.0% had 16x error. In compar-
ison, a log-Gaussian error distribution predicts that
38.7% of measurements would not change, 48.3% have
2x error, 11.7% have 4x error, 1.1% have 8x error, and
0.03% have 16x error.

Fonville et al. analysed HAI measurements from
nearly identical sera and found that the inherent error of
the assay is log-normally-distributed with standard de-
viation ≈2-fold.4 This is shown by Fig. S8B in Fonville
et al.4 (neglecting the stack of not-determined mea-
surements outside the dynamic range of the assay),
where 40% of repeats had the same HAI value, 50% had
a 2-fold discrepancy, and 10% had a 4-fold discrepancy.
Note that because HAI < 10 is reported as HAI = 5, the
few variants with very low HAI (such as Hong Kong 1968
and Port Chalmers 1973 in 2017 UGA) may artificially
achieve an error <2x, since an HAI = 2.5 will be reported
as HAI = 5 even with 2x error. However, most variants
have appreciable titres and exhibit the expected 2x error.

Across the 15 studies examined in this work, there
were n = 9 pairs of variants with identical HA sequences
that were measured within the same study. The RMSE
between the HAI of these 9 variants varied from 1.6x–
3.3x with a geometric mean of 2.1x. Taken together,
these results demonstrate that the HAI assay has 2x
error, and hence HAI prediction that achieve an RMSE
≈2x are as accurate as possible given experimental
noise.

HAI protocol
For the UGA studies, sera were treated with receptor
destroying enzyme (RDE) (Denka) to inactivate
nonspecific inhibitors. Briefly, three volumes of RDE
were added to one volume of sera and incubated over-
night at 37◦C. The next day, samples were incubated at
56◦C for 30–60 min, after which 6 volumes of 1x
phosphate buffered saline (PBS) were added to each
sample, resulting in a final serum dilution of 1:10. For
the Crotty studies, 20 μL starting volume of serum was
treated with 0.5 × (starting volume) of 8 mg/mL TPCK-
trypsin (Sigma-Aldrich) and incubated at 56◦C for
30 min. After cooling to room temperature, 3 × (starting
volume) of 11 mM potassium periodate (Sigma-Aldrich)
was added and incubated for 15 min at room tempera-
ture. 3 × (starting volume) of 1% glycerol-PBS was then
added and incubated for 15 min. Lastly, 2.5 × (starting
volume) of 0.85% PBS was added to all samples.

Sera were diluted in a series of 2-fold serial dilutions
in 96-well V-bottom plates (Thermo Fisher for UGA
studies, Sarstedt for Crotty studies). An equal volume of
influenza virus, adjusted to 8 haemagglutination units
(HAU)/50 μL diluted in 1x PBS, was added to each well
of the plate. For UGA studies, plates were then covered
5
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and allowed to incubate at room temperature for
20 min. After incubation, 50 μL of a solution consisting
of 0.8% turkey red blood cells (Lampire Biologicals)
diluted in 1x PBS was added to each well. The plates
were then mixed by gentle agitation, covered, and
allowed to incubate for another 30 min at room tem-
perature. For Crotty studies, sera and virus were incu-
bated for 30 min at room temperature. After this
incubation, 50 μL of 0.5% turkey red blood cells
(Lampire Biologicals) or 0.75% guinea pig red blood
cells (GPRBCs) in 1x PBS (Lampire Biologicals) were
added to all wells and incubated at 4◦C for 45 min.
GPRBCs were used for H3N2 A/Darwin/9/2021 in the
Crotty studies due to lack of viral activity observed with
turkey red blood cells.

After incubation with red blood cells, plates were tilted
to observe haemagglutination inhibition. The HAI anti-
body titre was determined by taking the reciprocal dilution
of the last well that contained non-agglutinated red blood
cells. For GPRBC plates, the HAI titre was determined as
the last dilution with a “halo” of the same size as PBS and
virus only wells. Samples with no detectable activity were
assigned to half the limit of detection (HAI = 5).

To confirm assay consistency between runs, positive
controls were included. In the UGA studies, these
consisted of sera from previously performed mouse or
ferret infections. In the Crotty studies, normal control
goat serum (FR-1377) and positive control influenza A
(H3) Reference Goat Antiserum (FR-1562, FR-1612,
FR-1683, FR-1737, FR-1780, FR-1827) were obtained
through the International Reagent Resource, Influenza
Division, WHO Collaborating Center for Surveillance,
Epidemiology and Control of Influenza, Centres for
Disease Control and Prevention, Atlanta, GA, USA. In
addition, pre- and 1-month post-vaccination serum for
the same participants were run on the same plate with
negative and positive control serum.

Quantifying predictive power of different features
When assessing feature importance, a pair of subjects
were said to be matched across the following features
provided they satisfied:

• Age: Pairs have ages ≤10 years apart from one
another. (Alternative thresholds of ≤5 and ≤20 years
apart led to worse predictions.)

• Sex: Pairs have the same sex (male or female).
• Vaccine dose: Pairs receive the same standard-dose or
high-dose vaccine. (The latter is only available, but
not mandatory, when age ≥65.)

• Location: Pairs exactly matched along the geographic
location of the study (Fonville studies or 2016
FoxHCW→Australia, 2016 FoxNam→Ha Nam, Hino-
josa studies→Wisconsin, UGA studies→Georgia).

• Pre-vac HAI (VacPre): Pairs exactly match in their pre-
vaccination HAI titre against the respective vaccine
strain in their study.
• Variant HAI: Pairs must be measured against ≥5
overlapping viruses (excluding their vaccine strains),
and there must be a correlation >0.9 between the
log10(HAI titres) of these overlapping viruses.

If no features were used, then all pairs of subjects
were considered to establish a baseline prediction
accuracy. Prior vaccination history was not known in the
Fonville or Hinojosa datasets and was not used in the
modelling. The ratio of post-vac titres was always
restricted to be ≥1.

We also explored additional ways to encode pre-vac
HAI against variants to determine whether individuals
matching with this transformed feature had more similar
post-vac HAI. We considered area under the curve
(x = virus year, y = HAI) or taking the geometric mean
HAI across all variants, where in both cases we either
used all variants or a single variant from each antigenic
cluster in Fonville et al.4 We also assessed a 3D analogue,
using the volume of the convex hull where each variant’s
(x, y) coordinates are given by antigenic cartography and
its z-coordinate is given by its HAI. Each transformation
led to post-vac RMSE ≳4x, demonstrating less predictive
power than directly using the vector of pre-vac HAI
against the vaccine strain and variants.

Predicting the HAI response 1-month
post-vaccination
The random forest model builds upon prior work,39 with
each decision tree constrained to use pre-vaccination
data as input and post-vaccination data as output.
Briefly, to predict a virus V0 from Dataset1→Dataset2,
we chose five overlapping variants (V1–V5, with
replacement, at least one must be V0) and trained a
decision tree that uses day 0 HAI from V1–V5 to predict
day 28 HAI from V0. Each decision tree was trained on a
random 30% of the sera in Dataset1, and then cross-
validated on the remaining 70% of sera. This process
was repeated 50 times for each V0, and the five best
decision trees with the lowest cross-validation error were
combined into a small random forest that was then
applied to Dataset2 to predict V0. Decision trees were
created using the Predict function with the “Decision-
Tree” Method and default hyperparameters in Mathe-
matica (version 14.1).

We required two datasets to measure ≥4 overlapping
variants from which V1–V5 were drawn. Since pre-
dictions were done forward in time (e.g., we only predict
from Dataset1→Dataset2 if Dataset2 was conducted at
least one year after Dataset1), predictions for any variant
V0 in Dataset2 are only possible if V0 was measured in a
prior study. As an example, the new 2018 vaccine strain
H3N2 A/Singapore/INFIMH-16-0019/2016 could be
predicted in 2018 UGA because it was first measured in
2017 UGA. Similarly, the vaccine strains in 10/15 of the
studies in Table 1 could be predicted because those
vaccine strains had been previously measured.
www.thelancet.com Vol 116 June, 2025
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Fifteen existing vaccine studies (white background) were used to train and test the model forward in time. Four new
vaccine studies (grey) were exclusively used to test the model. The total number of measurements in each study
equals (# of sera) × (# of viruses) × (2 time points [pre- and post-vac]). aEach year represents the date when a vaccine
study was conducted, not when the corresponding manuscript was published. bAll vaccine strains were egg-grown,
as were most test strains (Methods). High dose vaccines were only offered to individuals age ≥65 in the 2016–2023
UGA studies.

Table 1: Large scale influenza vaccine studies analysed in this work.
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Since the pre-vac HAI titres vary across a cohort, the
specific choice for the 30% of sera used to train a de-
cision tree predicting V0 in Dataset1 matter. Thus, we
explored three types of decision trees to potentially offset
such bias. The first type randomly sampled sera in
Dataset1 irrespective of their pre-vac HAIs. The second
evenly sampled across bins of V0‘s pre-vac HAI (with
bins [5, 10, 20 … 640, and ≥1280]) to prevent training
data dominated by low HAI titres. Third, we added five
“null model” decision trees that only uses V0’s pre-vac
HAI to predicts its post-vac HAI (i.e.,
V0=V1=V2=V3=V4=V5), randomly choosing the training
sera with a uniform distribution. This final group of
decision trees is necessary for the oldest variants that
show little-to-no vaccine response. All three types of
decision trees were combined and collectively assessed
based on their cross-validation RMSE on the left-out
subjects in Dataset1, and the average of the five trees
with the lowest cross-validation RMSE were used to
predict cross-study responses.

Batch effects across and within studies were handled
by row-centring data, which we found markedly
improved prediction accuracy. Row-centring means that
if t0–t5 represent the log10 (titres) of V0–V5, with mean
titre tavg, then each decision tree will take (t1-tavg, t2-tavg, t3-
tavg, t4-tavg, t5-tavg) as input to predict t0-tavg. The value tavg
(which will be different for each serum) is then added to
this prediction to undo the row-centring. As an example,
if all data in one study was systematically increased by 2x,
row centring ensures that predictions in other datasets
would not change, and that predictions within the shifted
study would increase by 2x. Note that row-centring does
not throw away any information, nor does it normalize or
threshold the HAI titres. Instead, the exact post-
vaccination titres were predicted for each variant.

When using multiple training sets, predictions from
each study were equally weighed by taking their
geometric mean (or the arithmetic mean of the log10[HAI
titres]). Unequal weights (for predictions from 1, 2, 3…
prior seasons) were assessed through nonlinear fitting,
yet the optimal weights found were essentially flat, and
hence equal weighing was used.

Hyperparameters were adopted from prior work,39

but also tested across a range of values to minimize
RMSE and maximize the coefficient of determination R2

across the vaccine strains. For example, when predicting
H3N2 A/Hong Kong/4801/2014 in the 2017 UGA
study, we tested random forests that used
2 (RMSE = 3.3, R2 = −0.4), 3 (RMSE = 3.0, R2 = −0.1),
4 (RMSE = 2.4, R2 = 0.3), or 5 (RMSE = 2.4, R2 = 0.3)
variants as input, choosing to use 5 variants. We further
tested whether the random forest should be comprised
of 3, 5, 7, or 9 top trees and, finding little variability
(RMSE = 2.4, R2 = 0.2–0.3), opted for 5 trees in each
forest.

The final post-vac predictions were given as the
maximum of the pre-vac HAI and the model
www.thelancet.com Vol 116 June, 2025
predictions. Although there were very few cases where
model predictions fell below the pre-vac titres, this
biologically-realistic constraint slightly improved model
predictions.

Null and linear models were used to provide a
baseline for prediction accuracy. The null or “no
response” model assumed that each person’s post-vac
HAI titre equals their pre-vac titre for each variant.
The linear model assumed that log10HAIpost = c1 +
c2⋅log10HAIpre, with different constants c1 and c2 infer-
red for each variant in each study based on the average
of the coefficients determined from all prior studies.

Classifying robustly strong and robustly weak
responses
In addition to the random forest (regression) model,
two classification models were trained using either
nearest neighbours or a support vector machine
(SVM), with the SVM using the sigmoid kernel
K(x1,x2) = tanh(c + γ x1⋅x2). Each instance of the nearest
7
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neighbour and SVM were separately trained on every
dataset, taking in all subjects’ pre-vac HAI against all
variants and a classification of “strong” if post-vac
GMT/pre-vac GMT ≥2.5 (which requires a substan-
tial post-vac response, especially since HAI from older
variants stays nearly constant post-vac) and “weak” if
post-vac GMT/pre-vac GMT ≤ 1.1 (a null response,
with the threshold slightly above 1.0 to account for
intrinsic error in the HAI assay). Subjects with an in-
termediate fold-change were not considered. The
resulting models were applied to each subject’s pre-vac
HAIs as well as every perturbed version of their HAIs
(where each titre was increased or decreased by 2x),
and cases where ≥75% of states were strong/weak were
denoted as robustly strong/weak.

We determined the “peaks” in HAI data by first
sorting viruses by their year of circulation. Only
northern hemisphere vaccine strains were considered
to ensure there was at most 1 variant per year (since
otherwise the order of those variants would be
ambiguous); in practice this only removed the 2019
southern hemisphere strain, H3N2 A/South
Australia/34/2019. Peaks were then determined after
applying a Gaussian blur with scale σ = 1 to account
for error. The depth of each peak (i.e., whether HAI
decreases by 2x or more) was not considered. In case
of a plateau where multiple consecutive variants had
an equally large HAI, the peak was set at the position
of the earliest variant.

The two most recent peaks between (year of
study)‒6 and (year of study) were used to compute
ΔPeak; if two peaks did not exist in this time frame
then no classification was made. Attempts to use
values of ΔPeak > 6 to classify lead to worse accuracy,
likely because the variant panels lose resolution
beyond this time interval and hence many peaks are
artificially missed.

Statistics
Prediction error was quantified in unlogged units so
that it can be readily compared to the measured values.
RMSEs were computed by first taking the root-mean-
squared error σ of the log10(HAI titres) and then expo-
nentiated by 10 (i.e., σ = 0.3 for log10 titres corresponds
to an error of σPredict=10

0.3=2-fold, with “fold” or “x”
indicating an un-logged number). Confidence intervals
were computed by bootstrapping the log10 values.

As an example, if a feature set would yield n = 5
participants whose post-vac HAI against the vaccine
strain differs by (1x, 1x, 2x, 2x, 4x), their RMSE would be
2.14x and their confidence interval is defined as the span
between the 5th and 95th elements in the list created as
follows: choose n = 5 entries from this list with
replacement, calculate their RMSE, and repeat this
process 100 times. For the example above, the 95% CI
would be 1.36–2.93x.
Ethics
The UGA vaccine studies were approved by the Western
Institutional Review Board and the University of Geor-
gia Review Board (IRB #20224877). The Crotty studies
were approved by the La Jolla Institute for Immunology
Review Board (IRB #VD-271). All participants provided
informed consent.

Role of funding sources
Funding sources played no role in the writing, analysis,
or submission of this manuscript. The authors were not
precluded from accessing study data, and they all agreed
to and accepted responsibility to submit the manuscript.
Results
Curating influenza vaccine studies to compare
responses across datasets
We performed an extensive literature search for influ-
enza vaccine studies from the past two decades that
measured responses against multiple variants. Due to
the substantial effort involved, such studies often
restricted their analyses to the sizable datasets they
produced. Here, we chose the opposite tact and char-
acterised responses across cohorts. Doing so builds to-
wards a fundamentally new question, namely, whether
all post-vaccination HAI data in each study can be
entirely predicted by prior studies, even as the virus
evolves and the vaccine strains change.

The literature search found 15 influenza vaccine
studies measuring pre- and post-vac serum HAI in ≥25
people against ≥6 H3N2 variants (Table 1, Supplementary
Fig. S1). On average, cohorts included 160 (from 31 to
461) sera that showcase the heterogeneity of responses,
measured against 30 H3N2 variants (from 7 to 70).
Collectively, these ∼2500 sera measure vaccine responses
from much of the past decade (2014–2021) as well as four
prior years (1997, 1998, 2009, 2010), providing ample
opportunities to characterise vaccine responses within and
across influenza seasons. HAI titres are row-centred to
account for batch effects across studies (Methods).39

The inertia of vaccine responses elicits consistently
high/low titres across seasons, especially when the
vaccine strain is unchanged
We first examined the inertia of vaccine responses,
namely, how conserved a person’s response is across
seasons. For this section only, we examined the vari-
ability in dichotomous outcomes (low versus high post-
vac titre) before creating a framework that predicts the
specific post-vac titre. The vaccine strain’s HAI titre 1-
month post-vac followed an approximate log-normal
distribution with a geometric mean titre of GMT = 95
(n = 2441, Fig. 1b). Classic studies found that an HAI
titre of 40 or 80 correlated with 50% protection against
H3N2 infections.45–48 Adopting the conservative stance
www.thelancet.com Vol 116 June, 2025
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Fig. 2: A model-free way to identify the key parameters that
predict vaccine responses across studies. (a) For all pairs of subjects
vaccinated in different seasons that match across a feature set [x-
axis], their post-vac HAI was compared against their respective
vaccine strains. Features include standard versus high dosage (Dose),
geographic location (Loc), pre-vac HAI against the vaccine strain
(VacPre), and pre-vac HAI against other variants (Variants); None
means no feature were applied (Methods). Root-mean-squared error
(RMSE, y-axis) is shown for each feature set, assessed over n pairs of
subjects. 95% CI are smaller than the plot markers. The dashed line
represents the intrinsic 2-fold error of the HAI assay.4 *p < 0.001
between any feature sets with different grey shading (e.g., Age
versus VacPre or Sex versus VacPre+Variants) using a one-sided per-
mutation test between post-vac HAI fold-change across pairs in each
column. (b) Using the individuals in the n = 5000 pairs matching in
VacPre+Variants, the correlation of pre-vaccination HAI across all
variants (x-axis; e.g., x = 0.5 represents pairs with 0.5 < correlation
≤ 0.6) is shown versus the difference in their post-vaccination HAI
against the vaccine strain (RMSE across all pairs with the same
x-coordinate).

Articles
where HAI ≥80 represents a high titre that confers this
protection, 67% of sera had high post-vac titres across
studies (Only 37% of sera had high titres pre-vac, so
roughly half of these cases are attributed to high pre-
existing inhibition and the other half were elicited by the
vaccine.)

Individuals vaccinated in two consecutive seasons
showed an inertial tendency towards maintaining their
high or low titres, although there was a global bias to-
wards high titres (Fig. 1c and d). More precisely,
someone exhibiting a high titre was 82%/18%≈4x as
likely to exhibit a high titre the next season, while
someone with a low titre was only 57%/43% ≈1.3x as
likely to maintain their low titre (Fig. 1d).

Across all years, the fraction of individuals that
maintained their high→high or low→low titre was 73%
(=0.82⋅67% + 0.57⋅33%, Fig. 1d), yet ≥83% did so dur-
ing seasons when the H3N2 vaccine strain was un-
changed or minimally changed (Supplementary
Table S1, Spearman’s rank test p = 0.04 using the HA
epitopes [ΔAAEpitope], p = 0.02 using full HA [ΔAATotal]).
Taken together, these results demonstrate that features
of the vaccine strain and the antibody response from (at
least) one prior season can help inform future
responses.

A model-free approach to quantifying predictive
power of host traits
In addition to past vaccine responses, other factors affect
the antibody response including age,18,21,49–51 genetics,27,52

and a person’s vaccination or infection history.42,53–55 Yet
the amount each factor, or a combination of factors,
affects the response is harder to quantify. Powered by
these 15 studies, we introduced a simple, model-free
method to assess how different combinations of fea-
tures constrain the post-vac HAI against the vaccine
strain. This approach predicted an individual’s HAI titre
based on the titres of “matched” individuals from prior
seasons that share a prespecified set of features.

As an example, we first assessed two commonly
measured features: a person’s age and their pre-vac HAI
against the vaccine strain. To quantify how these two
features constrain the post-vac response, every pair of
individuals that have a similar age and pre-vac HAI (age
≤ 10 years apart, HAI exactly matches) were considered,
and the ratio of their vaccine strain’s HAI 1-month post-
vac was computed (which should be ≈1 if they exhibit
similar responses and >1 if they differ).

Given the ultimate goal of predicting vaccine re-
sponses across seasons, only pairs of subjects vaccinated
in different years were considered to test how well these
features constrain post-vac HAI, with each person’s ti-
tres assessed against the vaccine strain from their
respective season. As a baseline, the post-vac HAI across
all pairs differed by 7.4x root-mean-squared error
(RMSE, “x” denotes fold-error; 95% CI: 7.40–7.42x). For
the specific case of age and pre-vac HAI, n≈110,000
www.thelancet.com Vol 116 June, 2025
pairs matched on both traits across all studies with
RMSE = 4.0x (95% CI: 4.01–4.06x) (Fig. 2a,
Supplementary Fig. S3a Age + VacPre). By assessing
9
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each feature separately, most of this predictive power
came from the pre-vac HAI (RMSE = 4.5x, 95% CI:
4.46–4.49x, Fig. 2a VacPre). Age alone poorly constrained
the post-vac response across all age groups (RMSE =
5.9x, 95% CI: 5.88–5.92x, Fig. 2a Age), although exclu-
sively considering ages ≥65 led to more homogeneous
responses and slightly better prediction accuracy
(Supplementary Fig. S3b).

We similarly assessed other combinations of features
measured in the 15 studies—including a participant’s
age, sex, dosage, geographic location, pre-vac HAI
against the vaccine strain, and pre-vac HAI against other
variants—with matching specified by equality (e.g.,
sex1 = sex2), a tolerated range (|age1-age2|≤10), or cor-
relation (corr [HAIVariants 1, HAIVariants 2]>0.9) depend-
ing on the variable (Methods). Among these features,
the largest decrease in RMSE occurred when matching
the pre-vac HAI against the vaccine strain (Fig. 2a
VacPre), followed by matching pre-vac HAI across all
variants (Fig. 2a VacPre + Variants), both of which sig-
nificant decreased RMSE (p < 0.001, one-sided permu-
tation test, Fig. 2a).

To verify that the subset of n = 5000 pairs matching in
VacPre + Variants was not intrinsically more predictable
than the VacPre-only group, the correlation across variants
was computed between any two subjects in the former
group. As expected, there was a strong and consistent
trend where higher correlation led to more similar post-
vac HAI (Fig. 2b). Since matching vaccine and variant
HAIs led to more post-vac HAI ≥40 compared to other
features that could bias results (Supplementary Fig. S3a
VacPre + Variants), we reevaluated prediction error after
removing post-vac HAI titres <40 and found smaller but
still significant decreases to RMSE from both the vaccine
strain and variant HAIs (e.g., Age: 3.9x, VacPre: 3.5x,
Age + VacPre: 3.3x, VacPre + Variants: 2.8x).

Notably, adding any other features to pre-vac HAI led
to smaller and less robust decreases in RMSE (Fig. 2a).
These other features, ordered from most-to-least pre-
dictive power, were the geographic location, age, sex,
and vaccine dose, each providing smaller but still sig-
nificant decreases (p < 0.001 for all, one-sided permu-
tation test, Fig. 2a). However, none of these features led
to consistently improved accuracy in combination with
other variables (age or sex shown in Supplementary
Fig. S3b), suggesting that pre-vac HAI represents the
most predictive variable in our analysis that controls
post-vac HAI. Therefore, we proceeded with the parsi-
monious model using the pre-vac HAI against the vac-
cine strain and variants in the following sections.

Forecasting post-vaccination HAI titres in future
seasons
We next determined how well pre-vac HAIs predict post-
vac titres, while taking into account the heterogeneity of
responses, the different variants measured in each
study, and differences in study design that may affect
the response. Predictions were built upon a series of
row-centred random forests, with a separate forest pre-
dicting each variant’s post-vac HAI (Methods). In total,
∼103 separate models were collectively built to forecast
the vaccine response.

Rather than splitting each dataset into a training and
testing set—which for future application would require
some individuals to get vaccinated early each season to
predict others’ responses—we instead strive for the
tougher challenge of training exclusively on vaccine
studies from prior years. Each older study predicts every
future study with sufficient overlap (≥4 overlapping
variants, Supplementary Fig. S4), irrespective of their
vaccine strains.

Since many influenza studies (beyond the ones
analysed in this work) only measure the vaccine strain,
we sought to beat the 4.5x error found when only
matching the vaccine strain’s pre-vaccination HAI
(Fig. 2A VacPre), ideally aiming for the 2x noise limit of
the HAI assay (see Methods for the quantification of
assay noise). We also compare model performance
against a null model that assumed no HAI response
(HAIpost = HAIpre) and a linear model for each variant
(log10HAIpost = c1+c2⋅log10HAIpre, using logged titres for
scale invariance).

Equating analogous variants across studies
Since predictions were based on the HAI of overlapping
variants between studies, we increased this overlap by
equating variants whose HA sequences differed by
ΔAAEpitope < 5 amino acids in H3N2 epitopes A-E. This
threshold balanced the twin goals of equating more
strains while ensuring that equated strains have similar
HAI profiles (Supplementary Fig. S2a). For example,
HAI from H3N2 A/Hong Kong/1/1968 ≈ A/Bilthoven/
16190/1968 ≈ A/Aichi/2/1968 were combined for
model training and testing (Fig. 3a; full list in
Supplementary Fig. S2). Variants with multiple analo-
gous strains were matched to minimize ΔAAEpitope and
maximize the overlap across studies (Methods). In total,
this decreased the total number of unique variants
across all studies from 102 to 80.

All subsequent analysis was carried out after
equating these analogous strains. In all cases where vi-
rus analogues were measured in the same study, their
HAI titres were nearly identical, as expected
(Supplementary Fig. S2). However, prior work has
shown that some single substitutions lead to dramati-
cally different HAI reactivity,56 and hence the ultimate
test for these equivalences will be the accuracy of the
final forecasts.

Inferring global relationships between the pre- and
post-vaccination HAI of influenza variants
To predict the HAI for virus-of-interest V0 in study Stest
using data from study Strain (also measuring V0), a prior
random forest algorithm39 was modified to find variants
www.thelancet.com Vol 116 June, 2025
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in Strain whose pre-vac HAI predicts V0’s post-vac HAI.
These random forests were then applied to predict V0‘s
post-vac HAI in Stest (Supplementary Fig. S5a). More
precisely, 50 decision trees were created, each randomly
choosing five viruses with replacement (V1–V5, at least
one must be V0, Methods). Each tree was internally
trained on 30% of sera from study Strain and cross-vali-
dated on the remaining 70%. The 5 trees with the
smallest cross-validation error comprised the final
random forest model, with the geometric mean of their
HAI outputs serving as V0‘s predicted post-vac titres in
study Stest (Methods). This process was repeated for
every combination of Strain, Stest, and V0.

In essence, this algorithm searched for the most
predictive overlapping variants for V0. For example, the
HAI of H3N2 A/Uruguay/716/2007 in the 2017 UGA
cohort could be predicted by nine other vaccine studies
that measured this variant, with each study estimating
the post-vac HAI for all 271 individuals in the 2017
UGA study (Fig. 3b, more recent variants in
Supplementary Fig. S5b). Taking the geometric mean of
all nine values as the final prediction led to an
RMSE = 2.3x (95% CI: 2.1–2.4x), comparable to the ≈2x
error of the HAI assay. While pre-vac HAI for Uruguay
2007 was among the top two features for most trees,
other historical or future variants had comparable
importance (Supplementary Fig. S5c).

To predict a variant in any study, that variant must
have been measured in at least one prior study. The
considerable overlap in virus panels led to most viruses
being predicted, even for recently emerged variants. For
example, vaccine strains were predicted in 67% = 10/15
studies in Table 1, meaning that they were measured in
a prior study before they became the vaccine strain.

Using poor predictions to identify the factors that
affect post-vaccination HAI
This compilation of random forests predicted the post-vac
HAI of all overlapping variants between any pair of
studies. Although we ultimately desired accurate
Fig. 3: Using pre-vaccination HAI against multiple variants to predict
HA sequences are equated (full list in Supplementary Fig. S2). Pre-vac H
post-vac HAI. (b) Example predictions for H3N2 A/Uruguay/716/2007 in
2016 UGA, and 2018 UGA (circles), together with the geometric mean ac
using pre-vac HAI from five variants to predict Uruguay 2007’s post-va
represents one subject. (c) Representative chords showing prediction RM
higher prediction error (full chords in Supplementary Fig. S6, legend show
the year a study was conducted but does not impact its transparency.
Prediction error from training on all vaccine studies from the prior n seaso
these RMSEs are interpolated across n. (e) Example predictions of five in
above]. Pre-vac HAIs [grey line] predicted the post-vac response [green
Prediction error is emphasized by the vertical lines [purple bars and tex
shown in the bottom-right of Panel f and in Panel g]. Variants are sorted
post-vac HAI of four variants across all 271 subjects in 2017 UGA. The di
denote the RMSE of the predictions. (g) RMSE for all variants in 2017 UG
model (grey squares) or null model (grey diamonds). The grey region de
predictions, poor estimates revealed which features
fundamentally affect the antibody response in a comple-
mentary manner to Fig. 2. For each pair of vaccine
studies, post-vac HAIs were predicted for all overlapping
variants. The average prediction error for all subjects and
all overlapping variants between two studies is shown by
the transparency of the chord connecting these studies
(poor accuracy shown with greater transparency; a few
chords shown in Fig. 3c, all chords in Supplementary
Fig. S6). While predictions were generally accurate,
three datasets exhibited systematically poor predictions
(with upper quartile RMSE > 4x, Supplementary Fig. S6).

The two earliest studies (1997–1998 Fonville) poorly
predicted all subsequent vaccine studies (from 2009 or
later). Unsurprisingly, this suggests that as antibody
responses change over time, prior responses poorly
predict outcomes too far into the future. This effect will
be examined systematically in the following section.

The only other study with uniformly poor predictions
was 2015 HinojosaU, a study comprising children that
self-reported as being uninfected and unvaccinated to
influenza during the past five years. Notably, the 2014
and 2015 HinojosaV vaccine studies (children that were
either infected or vaccinated in the past five years) had
uniformly accurate predictions (interquartile RMSE be-
tween 2–3x, Supplementary Fig. S6), demonstrating that
children can predict adult responses and vice versa.
Instead, these results suggested that the unique expo-
sure history of the children in 2015 HinojosaU led to
their fundamentally different antibody responses. Since
this was the only study with such exposure histories, it
was dropped in the subsequent analysis. All remaining
studies had upper quartile RMSE < 4x, so we next turn
to the final step of determining how many prior seasons
should be used to forecast future responses.

This season’s vaccine responses are informed by
responses from the past 10 seasons
The above framework gave pairwise predictions from
study Strain→Stest. While predictions from a
HAI 1-month post-vaccination. (a) Analogous variants with similar
AI from these overlapping variants served as model input to predict
2017 UGA using 2009–2010 Fonville, all Hinojosa and Fox studies,
ross all 9 studies (squares). In every study, decision trees were trained
c HAI, and these trees were then applied to 2017 UGA. Each point
SE across pairs of studies, where more transparency corresponds to
s a transparency gradient above a striped pattern). Colour represents
The three crossed-out studies have upper quartile RMSE >4x. (d)

ns [x-axis]. Mean [black dashed] and standard deviation [grey lines] of
dividuals in 2017 UGA [subject IDs and RMSE across variants shown
points], and results were compared to post-vac data [green line].
t highlight the vaccine strain H3N2 A/Hong Kong/4801/2014, also
from oldest to newest (left-to-right). (f) Predicted versus measured

agonal line y = x represents perfect predictions, while the grey bands
A comparing the random forest approach (blue points) with a linear
notes predictions with the desired RMSE ≤4x.
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combination of studies (Strain,1, Strain,2, …)→Stest will
likely be more robust, the number of possible training
sets grows combinatorially; for example, the 2020 UGA
study can be predicted using any combination of the 13
prior datasets (213 ≈8000 choices).

For each study, the geometric mean of the post-
vaccination response was computed from all vaccine
studies conducted between 1 and n seasons beforehand
(Fig. 3d). Prediction accuracy was maintained while
using n ≤ 10 prior seasons, so the final algorithm
combined the predictions of all vaccine studies from the
past decade to forecast future antibody responses.

Post-vaccination HAI is predicted with 2.4-fold
error across 15 vaccine studies
The above framework uses a person’s pre-vac HAI to
predict their response 1-month post-vac. As an example,
forecasts of the vaccine strain (A/Hong Kong/4801/
2014) in the 2017 UGA vaccine study demonstrate that
while pre-vac HAI against the vaccine strain affects the
response, the pre-vac HAI of variants can shift the vac-
cine strain response up to 10x (Supplementary Fig. S6d).

We next assessed these 2017 UGA predictions
against the measured responses (results for all studies
in Supplementary Fig. S7). Pre- and post-vac titres are
shown for 5 (of 271) individuals, demonstrating the
heterogeneity in both baseline HAI and the vaccine
response (Fig. 3e). The RMSE across all 271 individuals
is 2.3x (95% CI: 2.2–2.3x), comparable to the intrinsic
noise of the HAI assay, and hence these predictions are
as accurate as should be possible (Fig. 3e, IDs 004C,
175, 246, 081).

Notably, some individuals showed large consistent
deviations (Fig. 3e, ID 226). To quantify this trend,
predictions were extended across all studies to compute
the deviation of the 5 worst-predicted variants for each
serum. Overall, 9% of serum responses were substan-
tially underpredicted (predictions ≥4x below measure-
ments for 5 worst-predicted variants) and 3% were
overpredicted (predictions ≥4x above measurements),
while the remaining 88% of sera showed consistently
small deviations across all variants (examples in
Supplementary Fig. S7).

In addition to assessing each person’s response,
every variant’s prediction was also evaluated. Returning
to 2017 UGA, both the predicted and measured post-vac
HAIs against the vaccine strain H3N2 A/Hong Kong/
4801/2014 ranged from 40 to 640, resulting in a 2.4x
prediction error (Fig. 3f, purple bars in Fig. 3e denote
five such points). Post-vac HAIs were smaller for older
variants, yet the distribution of titres showed a strong
tendency to lie on the diagonal line that denotes accurate
predictions (Fig. 3f, remaining variants in
Supplementary Fig. S7).

Considering all variants in 2017 UGA, the RMSE for
15/18 = 83% were comparable to the ≈2x noise limit of
the HAI assay (Fig. 3g). The final 3 variants had a larger
www.thelancet.com Vol 116 June, 2025
RMSE ≈3x, still within the target range of ≤4x.
Extending this analysis to all vaccine studies, 90% of
variants were predicted with RMSE ≤ 3x while the
remaining 10% had 3x < RMSE ≤ 4x. Notably, there was
even minimal difference in RMSE across the 2017 and
2019–2021 seasons when the vaccine strain’s HA
changed by ≥10aa (Fig. 4a and b). Prediction accuracy
was stable across age groups, including the elderly re-
sponses (age ≥50) that have historically been harder to
predict (Fig. 4c).29 Collectively, this represents 20,000
measurements with root-mean-square prediction error
of 2.4x (95% CI: 2.34–2.40x).

The relatively small vaccine responses across all
studies suggested that a null model (HAIpost = HAIpre)
or a linear model (using each variant’s HAIpre to predict
its HAIpost) may predict these data equally well. Across
all 20,000 measurements, the linear and null models
each had a larger prediction error (RMSElinear = 3.0x,
95% CIlinear: 2.98–3.12x; RMSEnull = 3.2x, 95% CInull:
3.12–3.21x) that was significantly larger than the
random forest model (p < 0.002, one-sided permutation
test). These differences were especially pronounced for
more recent variants that tended to exhibit larger and
more varied vaccine responses (grey points in Fig. 3g,
Supplementary Fig. S8).

In addition, there were two major shortcomings for
both the null and linear models. First, these models
were more prone to large outliers. Whereas all variants
were predicted with error ≤4x with the random forest
approach, 16/133 = 12% of variants had error >4x (from
4.4–9.8x, p = 0.001 via a one-sided permutation test)
with the null model, whereas 14/133 = 11% of variants
had error >4x (from 4.2–52.9x, p = 0.006 via a one-sided
permutation test) with the linear model (Supplementary
Fig. S8). The null and linear models often exhibited
these large errors for the vaccine strains, although both
historical and future variants could elicit large errors.
Notably, the linear model dramatically failed when the
pre- to post-vac titres had a nearly vertical relation in a
subset of studies, leading to prediction errors >100x
(Supplementary Fig. S9). In comparison, the random
forest approach led to slightly more accurate but far
more robust predictions.

The second major failing of the linear and null
models is that their coefficient of determination (R2) is
consistently smaller than the random forest approach,
especially for recent variants circulating within ∼10
years of the vaccine strain. For example, in the 2017
UGA study, 5/8 of the H3N2 variants circulating after
2005 achieved R2 < 0 with either the null or linear
models, whereas the random forest had R2 between 0.2
and 0.6 (Supplementary Fig. S10).

As a further point of comparison, models trained
within a single study (using 30% of subjects to predict
the responses in the remaining 70%) always achieved
median RMSE = 2.0–2.2x across any studies
(Supplementary Fig. S11). While this represents a
13
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simpler prediction challenge than cross-study pre-
dictions forward in time, these results demonstrate that
the ≈2x HAI noise limit is achievable and corroborates
that the random forest predictions with this error are as
accurate as possible.

A prediction challenge across future seasons
The above analysis was carried out on all existing data-
sets, with predictions done forward in time (e.g., the
2020 vaccine study was predicted using the ∼40,000
measurements from 2019 and earlier, Table 1). To
further demonstrate that prior vaccine studies can pre-
dict future responses, even in light of continual virus
evolution, H3N2 responses 1-month post-vac were pre-
dicted in four new vaccine studies that we conducted
(one in 2022, three in 2023, Fig. 5a). For this prediction
challenge, the computational team (T.E.) was blinded by
only receiving the pre-vac (day 0) HAIs to make the post-
vac predictions.

Two of these vaccine studies (2022 UGA and 2023
UGA) followed the same format as the prior UGA co-
horts,43 administering the inactivated Fluzone vaccine to
participants in Athens GA (demographics in
Supplementary Fig. S1). The other two studies admin-
istered either Afluria or FluMist in San Diego CA (2023
CrottyAfluria and CrottyFluMist). All four studies enrolled
www.thelancet.com Vol 116 June, 2025
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25 participants and administered the seasonal vaccine
containing the 2022 and 2023 H3N2 vaccine strain A/
Darwin/9/2021. Each study measured HAI against this
vaccine strain as well as six historical variants (A/Hong
Kong/4801/2014, A/Singapore/INFIMH-160019/2016,
A/Kansas/14/2017, A/South Australia/34/2019, A/
Hong Kong/2671/2019, and A/Tasmania/503/2020)
that were chosen to overlap with the 2020 and 2021
UGA studies.

Unlike inactivated vaccines, the live attenuated vac-
cine FluMist has no known correlates of protection. The
one other example in Table 1 using FluMist found no
increase in post-vac serum HAI.41 More generally, some
studies have reported that live attenuated vaccines elicit
little-to-no HAI responses,57–60 others have found HAI
increases in children <18 years old,61–64 and a random-
ized double-blind clinical study found a very small HAI
rise of 1.05-fold against H3N2 in adults.65 Since the
CrottyFluMist cohort comprised individuals >18 years old,
predictions were made using the null model that
assumed each variant’s post-vac HAI equals its pre-vac
titre. In contrast, the inactivated vaccines Fluzone and
Afluria were predicted using the random forest algo-
rithm described above.

Collectively, random forests predicted the three
inactivated vaccine studies [2022 UGA, 2023 UGA, 2023
CrottyAfluria] with RMSE = 2.35x (95% CI: 2.22–2.48x)
www.thelancet.com Vol 116 June, 2025
(Fig. 5b), outperforming the null model with near-
significance (RMSE = 2.58x, 95% CI: 2.38–2.80x;
p = 0.06, one-sided permutation test) and the linear
model with significance (RMSE = 2.62x, 95% CI:
2.46–2.79x; p = 0.01, one-sided permutation test). The
largest prediction error occurred for the vaccine strain
Darwin 2021 (RMSE = 2.7–4.4x), while the remaining
variants had ≲2x error (Supplementary Fig. S12).

Live attenuated predictions for 2023 CrottyFluMist

were better for the null model (RMSE = 1.6x, 95% CI:
1.48–1.68x) than the linear model (RMSE = 2.3x, 95%
CI: 2.17–2.49x, Supplementary Fig. S12). The null
model was consistently within the noise threshold of the
HAI assay (<2x), confirming that HAI titres do not
noticeably increase in adults receiving this live attenu-
ated vaccine.

As before, each vaccine study was predicted forward
in time (e.g., models of the 2023 UGA and 2023 Crot-
tyAfluria vaccines were trained on vaccine studies from
2022 and earlier). However, since the 2023 UGA study
was carried out in September while the 2023 CrottyAfluria
study was done in December, the former study could
augment the latter’s predictions. Rather than training on
all vaccine studies from the last 10 years, models were
trained using every subset of these studies, and the
subset yielding the best predictions on 2023 UGA was
used to predict the 2023 CrottyAfluria responses. These
15
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specialised predictions led to a small but not significant
improvement in the Darwin 2021 vaccine strain pre-
dictions (RMSE = 3.5 → 3.0x, p = 0.2 from one-sided
permutation test) and minimally improved the other
variants (Supplementary Fig. S12e).

Using the model to recoup known phenomena and
discover predictive features of vaccine responses
The model provides an opportunity to search for general
relationships between an individual’s pre- and post-
vaccination HAI. Few such rules are known, with one
major exception being the antibody ceiling effect where
the subjects with a large pre-vac titre hit a “ceiling” and
exhibit smaller fold-change post-vac. Other results have
been noted in individual studies; for example, the 2016
FoxNam study found that individuals recently infected by
H3N2 have higher fold-change than those with no
recent exposure.42

Our model replicated these vaccine responses to an
extent. The recently infected subjects in 2016 FoxNam
were predicted to have 1.3x larger fold-change (compa-
rable to 1.5x found experimentally) than subjects with
no prior infection (Supplementary Fig. S13a). Little-to-
no antibody ceiling was both measured and predicted
for older variants circulating before 2000. For more
recent variants, the model predicted a 2x reduction in a
variant’s fold-change for each 34x increase in its pre-vac
HAI (while experiments found that only a 10x increase
in pre-vac HAI is needed, Supplementary Fig. S13b).
This effect is small, as increasing pre-vac HAI from
10 → 320 (the range of most pre-vac titres for these vi-
ruses) is predicted to blunt fold-change by 2x (while
experiments report a 2.8x blunting). Thus, the model
recapitulates these phenomena, although with smaller
effect sizes.

Given this caveat, we implemented a robust search
for pre-vaccination features that distinguish strong fold-
change responses (defined as GMTpost ≥ 2.5⋅GMTpre
against the full variant panel) from weak responses
(GMTpost ≤ 1.1⋅GMTpre, Fig. 6a), while accounting for
potential prediction error and experimental error. Note
that unlike the prior sections analysing absolute HAI,
the following analysis uses fold-change (FC) pre-to-post
vaccination, often deemed to be an equally important
metric of the response.

To account for potential model and experimental
error, we assessed which subjects not only exhibited
either a strong/weak FC response, but where small
perturbations (increasing or decreasing any variant’s
pre-vac HAI by 2x) were predicted to elicit this same
strong/weak FC ≥ 75% of the time (Supplementary
Fig. S14 and S15). The resulting “robustly strong” and
“robustly weak” pre-vac states were further validated
using a support vector machine and nearest neighbour
classification trained on the strong/weak FC responses
in each dataset and then used to classify all perturbed
states (Methods).
The robustly strong HAI responses were noticeably
more jagged than the robustly weak responses, espe-
cially against recent variants (Supplementary Fig. S14).
The time ΔPeak between the two most recent pre-vac
HAI peaks correlated with post-vac fold-change (with
peaks defined using the dominant variants circulating
within 6 years of each study, plateaus marked at the
older variant, Methods). 73% of strong responders had a
gap of ΔPeak = 2–3 years while 73% of weak responses
had a larger gap of 4–6 years (Fig. 6b–d), with a sig-
nificant decrease in ΔPeak between both classes
(p < 0.001, one-sided permutation test). To assess the
sensitivity of the threshold separating weak versus
strong responses, the fraction of strong and weak re-
sponders correctly predicted was assessed for different
thresholds (Fig. 6d inset; strong if ΔPeak = 2 and weak if
ΔPeak = 3–6, strong if ΔPeak = 2–3 and weak if
ΔPeak = 4–6, …). The area under this curve was 0.7, with
the thresholds used above yielding the best classification
accuracy.

As a point of comparison, using age ≤ 65 or pre-vac
GMT ≤ 80 as an indication of weak-fold change tends to
accurately predict strong responses (83–92% accuracy)
at the cost of characterising weak responses (17–37%
accuracy, Supplementary Fig. S16). In summary, the
periodicity of pre-vac HAI against recent variants pre-
dicts the fold-change of the post-vaccination response,
and such features should be considered in conjunction
with features such as age or pre-vaccination titres.
Discussion
This work developed a computational framework that
uses an individual’s pre-vaccination HAI to forecast
their response 1-month post-vaccination. The model is
exclusively trained on prior seasons, with each predic-
tion forecasting the response in a never-before-seen
season. Any such model must be able to handle the
heterogeneous immune responses across the popula-
tion, updates to the vaccine composition, and the myriad
differences in study designs.

Our approach used: (1) pre-vac HAI against the
vaccine strain and (2) pre-vac HAI against historical
variants, both of which improved prediction by ∼30%
relative to predictions based solely on demographic
features such as age. While many studies measure the
vaccine strain, data from variants is less common, yet
recent work showed that variants can reveal long-term
trends in the antibody response66 or estimate protec-
tion against future variants.67

In the context of vaccine responses, measuring var-
iants offers three main advantages. First, prior work
showed that titres from variants can infer exposure
history,30,68 a feature that is known to affect the antibody
response yet is difficult to accurately report. Conceptu-
ally, variants break up potential degeneracies in the data:
for example, two subjects may have the same pre-vac
www.thelancet.com Vol 116 June, 2025
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HAI = 20, but in one case it was caused by a minor
recent infection while in the other case it was caused by
a larger infection several years back. Measuring the
response against historical variants would distinguish
these two scenarios, and future work should extend this
approach to determine if variant data are useful in other
viral contexts.

Second, variants provide common features that can
be used for prediction. Even the oldest 1997 Fonville
study had ≥4 overlapping variants with every other
vaccine study we considered from 1998 to 2018, letting
us test how far forward in time the patterns in early
studies continue to hold.
www.thelancet.com Vol 116 June, 2025
Third, previous work showed that measuring a se-
rum’s pre- or post-vac HAI against as few as 4 variants
can predict other variants’ HAI at this same time point
(e.g., one pre-vac response can predict another, or that
post-vac can predict post-vac).39 This demonstrated that
at each slice of time, there are conserved patterns of
cross-reactivity between variants that hold across data-
sets, and in this work we pushed further by using var-
iants to predict the pre-to-post vaccine response.

In comparison to variant pre-vac HAI, a person’s age,
sex, vaccine dose, or geographic location led to smaller
improvements in prediction accuracy. These same
trends held in our four new vaccine studies (99 subject
17
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total, all from the US), further corroborating the 15 prior
vaccine studies that had a greater range of de-
mographics and geographic locations. Note that other
factors that could further affect HAI such as genetics,27,52

nutrition,69,70 CMV status,71,72 or other comorbidities73,74

were not measured in these studies and hence not
considered.

Across the measured features, the lack of predictive
power is especially surprising for age, which is known to
affect the influenza antibody response.33,49,51,75 One
explanation is that these age effects may be small (as
shown for the infection history and antibody ceiling
effects), or they may be dataset-specific and change
across seasons. Yet while prior studies found that
influenza responses are harder to predict in the
elderly,29 we found uniformly good predictions across
5–85 year olds.

Indeed, children’s responses (2014–2015 HinojosaV)
accurately predicted adult responses and vice versa
(upper quartile RMSE < 4x). Aside from the two oldest
studies, the only poorly predicted dataset was 2015
HinojosaU, a cohort containing subjects that self-
reported as being uninfected and unvaccinated in the
past five years.41 Notably, even the 2016 FoxNam cohort
comprising adults receiving the first influenza vaccine
of their life was well-predicted. Taken together, these
results suggest that a lack of recent influenza infections
(and possibly young age) can result in fundamentally
different antibody responses, and future work should
examine whether cohorts with no recent influenza
exposure can better predict one another.

If these results translate into animal studies, they
suggest that experiments on naive mice or ferrets may
have limited transferability to humans not only because
they are a different species, but also because of their
non-existent immune history. This hypothesis can be
tested by comparing the vaccine response in humans to
that in mice/ferrets with different exposure histories.76–79

Since most influenza deaths occur in the elderly (age
65+), antibody responses in this age group are particu-
larly important. In the UGA studies, all elderly in-
dividuals ≥65 years old in the UGA studies were offered
high-dose Fluzone, and 76% (=259/340) received it (see
the GitHub dataset for each person’s vaccine dose).
However, we found no stark difference between the
HAIs of elderly individuals (age 65+) receiving high-
dose vaccines and an adjacent age group (55–64)
receiving standard dose Fluzone in any season. Notably,
multiple prior studies found that high-dose vaccines
elicited higher HAI or led to fewer hospitalizations,80–82

although some studies found little effect.83 In the
UGA studies, the high-dose vaccines may have
partially blunted differences between these elderly age
groups.

Few methods exist to predict the post-vac response
from pre-vac data. Antigenic cartography uses naive
ferret data to predict the relationship between the HAI
of each strain,4,67 but it cannot predict the magnitude of
the response to identify weak versus strong responders.
The null and linear models introduced here can predict
responses from multiple variants, yet both were more
prone to large prediction errors and explain little-to-no
variance in post-vac HAI for variants circulating within
∼10 years of the vaccine strain. Vaccine inertia dem-
onstrates that the prior season’s response can qualita-
tively inform whether a person’s response in the current
season will be under or over some HAI threshold, and
future work will examine whether such patterns hold
across multiple seasons.

Rather than predicting absolute titres, other methods
have predicted adjacent tasks including: 1) is the vaccine
strain’s HAI above or below a threshold [e.g., post-vac
HAI ≥40 and/or fold-change ≥4x],24,26 2) what is the
average or maximum titre across the H1N1, H3N2, and
influenza B components of the vaccine,27 or 3) how
accurately can normalized titres be predicted.29,36 The
challenge in this work is a superset of those approaches
from which thresholds or normalized responses can be
inferred. Future work will explore whether H1N1 and
influenza B vaccine responses can be similarly pre-
dicted, and whether responses from pre-2009 pandemic
H1N1 variants predict post-pandemic responses.

Previous efforts found that 13 different vaccines
(including influenza) can induce universal signatures
without needing to specify the vaccine antigen.29 We
similarly did not directly encode information about the
vaccine strain, but rather indirectly learned such infor-
mation in a data-driven manner by training on all
studies from the past 10 seasons. This crude encoding
cannot distinguish between vaccine formulations or
even vaccine strain composition, and hence the overall
2.4x prediction error across all studies suggests that
formulation and vaccine strain have a minor effect on
the resulting vaccine response. This holds across all
seasons, including cases where the H3N2 vaccine strain
stayed the same (2016→2017, 2022→2023) or changed
across clades (2018→2019 [Kansas 2017]→2020). Had a
different H3N2 variant been chosen for the 2019 vac-
cine, we hypothesize that vaccine studies would have
looked similar (with the new vaccine strain replacing
Kansas 2017).

While most of the studies we analysed administered
Fluzone, other inactivated vaccines (Afluria, Fluarix,
Vaxigrip) were predicted with uniformly low error,
suggesting that each formulation acts similarly. The
only notable exception was the live attenuated vaccine
FluMist that elicited no antibody response in 84% of
individuals (pre-vac HAI ≈ post-vac HAI for all vari-
ants), and future work will determine where other vac-
cine types (e.g., recombinant, adjuvanted) fall along this
spectrum. Note that while inactivated vaccines induced a
measurable antibody response on average, ∼35% of in-
dividuals still exhibited little-to-no response (≤2x fold-
change against any variant).
www.thelancet.com Vol 116 June, 2025

http://www.thelancet.com


Articles
Across the influenza seasons with predictions
(2009–2010, 2014–2023), our approach characterises
∼88% of sera at 1-month post-vac within the roughly 2x
error of the HAI assay. Yet the most extreme responses—
those with the very largest and very smallest titres—were
poorly predicted, likely because the vaccines elicited a
small response in most individuals which skewed models
to predict small responses. The 3% of overpredicted sera
may represent individuals infected in the month prior to
vaccination, edge cases poorly handled by the model, or
experimental error. Supporting the prior infection hy-
pothesis, these individuals had higher pre-vac HAI
against their vaccine strain (GMT = 96 in overpredicted
sera, GMT = 35 across remaining sera). The 9% of
underpredicted responses, comparable to the ∼10%
annual influenza incidence,84 may similarly represent
breakthrough infections that magnified the HAI
response or a shortcoming of the model. In support of
the breakthrough infection hypothesis, these individuals
exhibited a larger backboost in fold-change across prior
variants (geometric mean fold-change = 6.5x across all
variants in underpredicted sera, compared to 1.7x across
remaining sera) expected from infections.

Yet a model need not perfectly predict all data to be
useful. Individuals robustly categorized as strong re-
sponders, even when their pre-vac titres were perturbed
by 2x, exhibited more jagged HAI landscapes, and a
classification scheme based on this feature had 73% ac-
curacy. In comparison, a recent study distinguished the
strongest and weakest influenza vaccine responses with
63% accuracy,29 and to our knowledge, any other method
with greater accuracy took on a different prediction task
(e.g., predicting post-vac HAI ≥ 4028 or vaccine breadth23).

This jaggedness or short-term periodicity in HAI ti-
tres serves as a counterpoint to the long-term periodicity
found in a recent cross-sectional study,66 and it is un-
clear what mechanisms underlie either behaviour. We
speculate that the oscillatory HAIs from robustly strong
responders imply that their antibodies target variant-
specific epitopes, and hence they are prone to respond
strongly to drifted vaccine strains. Conversely, robustly
weak responders may target more conserved epitopes
that better inhibit future strains, which partially blocks
their response to the next few vaccines they encounter.
If this is true, then future vaccines may need to be
specifically designed for robustly weak responders to
overcome their preexisting immunity.

One limitation of this study is that we only predicted
the peak response 1-month post-vaccination without
examining long-term antibody waning. However, recent
work suggests that these two regimes are tightly con-
nected, where individuals with fold-change ≤8x at 1-
month returning to baseline within 180 days while those
with fold-change ≥16x maintain an elevated response out
to 1-year post-vaccination.85 Hence, the predictions for a
single time point should help determine the long-term
antibody trajectory.
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Another limitation is that roughly half the studies
examined used the Fluzone vaccine, and future work
should examine other vaccine formulations in additional
seasons against more diverse populations to test its
generality. To maximize clinical applications, such
models should only use pre-vac titres and responses
from prior seasons to predict subsequent responses,
shifting from a descriptive to a predictive mindset.

The improved predictions from measuring multiple
variants underscores the potential to integrate other
aspects of the immune response (antibody effector
functions,86 cellular or innate immunity,87,88 functional
responses89) or virus factors (sequences/glycosylation of
HA,90 incorporating other viral proteins12) for further
accuracy. The egg-grown vaccines considered here may
have adaptations that lead to different cross-reactivity
relations than those found in circulating viruses.
While HAI quantifies the action of the entire antibody
repertoire, a refined understanding of how plasmablasts
and memory B cells target specific epitopes is needed to
quantify susceptibility to escape mutations.

Each vaccine study requires substantial time and
effort, but the sera collected have utility beyond quan-
tifying the vaccine response in a single season. For
example, existing sera can be tested against next year’s
vaccine strain, or against a newly emerged variant, to
infer their inhibition during an upcoming season.
Alternatively, vaccine responses from early in the season
or from southern hemisphere studies (whose influenza
season is offset by 6 months) could augment predictions
and inform strain selection in the northern hemisphere.

The central goal of influenza vaccines is to elicit a
robust antibody response against circulating strains and
potential escape mutants. This work suggests that
measuring responses to historic variants helps predict
such responses, but future efforts should focus on
measuring and predicting the antibody response—
including neutralization responses from cell-grown
vaccines—against this swath of recent variants.

Predicting influenza vaccine responses at the start of
each season sets the stage to design better vaccine
strategies. If we could estimate the durability of each
person’s response, individuals whose HAI titres rapidly
decay could get booster doses. If a person’s response to
multiple vaccine options can be predicted at the start of
a season, we could recommend the best vaccine for their
specific immune state. Next generation vaccines under
development will enable more complex vaccine strate-
gies, and while a universal one-size-fits-all vaccination
scheme may ultimately result, it is also worth consid-
ering vaccine recommendation schemes that better uti-
lise the tools at hand.
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