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Long-term monitoring of SARS-CoV-2
seroprevalence and variants in Ethiopia
provides prediction for immunity and
cross-immunity
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Under-reporting of COVID-19 and the limited information about circulating
SARS-CoV-2 variants remain major challenges for many African countries. We
analyzed SARS-CoV-2 infection dynamics in Addis Ababa and Jimma, Ethiopia,
focusing on reinfection, immunity, and vaccination effects. We conducted an
antibody serology study spanningAugust 2020 to July 2022withfive rounds of
data collection across a population of 4723, sequenced PCR-test positive
samples, used available test positivity rates, and constructed two mathema-
tical models integrating this data. A multivariant model explores variant
dynamics identifyingwildtype, alpha, delta, andomicronBA.4/5 as key variants
in the study population, and cross-immunity between variants, revealing risk
reductions between 24% and 69%. An antibody-level model predicts slow
decay leading to sustained high antibody levels. Retrospectively, increased
early vaccination might have substantially reduced infections during the delta
and omicron waves in the considered group of individuals, though further
vaccination now seems less impactful.

The COVID-19 pandemic continues to have a significant global impact,
with a substantial number of deaths continually being recorded
worldwide (covid19.who.int). However, observations indicate a shift
from the initial phase of the pandemic to an endemic stage, with
reduced confirmed case numbers as well as deaths. Despite this, the
emergence and evolution of more transmissible variants still pose a
threat globally, necessitating ongoing monitoring by organizations
such as the World Health Organization (WHO). In order to better

prepare for future Sars-CoV-2 waves and potential pandemics, under-
standing the dynamics of the disease and the immune response pro-
tecting against infection as well as severe disease courses is crucial.

Policymakers rely on accurate data to inform vaccination strate-
gies and intervention measures. However, these strategies may differ
greatly depending on circumstances like information about the actual
virus spread and public acceptance of policies. Especially within the
African continent, comprehensive data is scarce. Even in July 2023, the
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WHO still only lists 9.5 million confirmed cases of SARS-CoV-2 in the
whole of Africa. Given our data, serological evidence of past infection
in Ethiopia alone suggests that by autumn 2022, there were ten times
as many infections in Ethiopia as officially reported1.

Besides the scarcity of data, African countries, including Ethiopia,
face unique challenges in dealing with the pandemic, such as limited
testing infrastructure2, insufficient vaccine supplies3, low vaccine
acceptance4, and being overlooked in global research efforts5. For
Ethiopia in particular, research shows that though adequate pandemic
prevention strategies have been enacted over time, shortages of
medical supplies and equipment is an ongoing struggle6.

In 2021, we demonstrated a severe under-reporting of COVID-19
cases in Ethiopia through an antibody prevalence study1. By employing
epidemiological modeling, we predicted prevalence levels above 50%
for the population. While this earlier phase of the pandemic has
received some research attention, later phases of the SARS-CoV-2
pandemic, including the Delta and Omicron waves, remain inade-
quately investigated in Ethiopia7,8. Additionally, due to very limited
access to sequencing facilities, the knowledge about circulating var-
iants has been scarce. Previous publications touch upon this topic
hypothetically, e.g. Gudina et al. by simulating a scenario with two
variants1, but longitudinal data on variant distribution has only
recently become available for Ethiopia9. We have simultaneously
acquired broad data to address the gaps for modeling and prediction
of the epidemic in Ethiopia.

In this study, we obtained sequencing results for SARS-CoV-2
samples collected at various time points between October 2020 and
July 2022 at two different sites in Ethiopia. This dataset enabled us to
investigate the composition of variants of concerns (VOCs) between
the initial appearance of COVID-19 in Ethiopia in March 2020 to the
spread of Omicron variant BA.4/5 as the dominant genotype in fall
2022. Additionally, we extended our serology-based antibody survey
by conducting two further sampling rounds to cover the time span
between late fall 2020 to April 2022 in a total of five sampling rounds.
In addition to the serological testing against Anti-nucleocapsid anti-
bodies (Anti-N), all samples were re-tested against anti-spike anti-
bodies (Anti-S), and questionnaires were used to explore vaccination-
and potential infection status for all participants. Using this large and
multidimensional dataset for analysis, we developed a large-scale
multivariant model to characterize the infection pathways and to
explore the cross-immunity properties among different variants cir-
culating in Ethiopia. This analysis allowed us to gain insights into the
interplay between the variants and their impact on the overall popu-
lation’s immune response.

Furthermore, we leveraged the information frommultiple rounds
of sampling, which provided Anti-N and Anti-S antibody levels of
individuals. The resulting dataset was used for a detailed temporal
analysis, comparing the antibody levels observed during the initial

three roundswith those from the subsequent two rounds.Weutilized a
second epidemiological model to predict future antibody dynamics,
providing insights into the expected long-term immunity landscape in
the Ethiopian population. This might provide decision makers with
informationwhich is helpful for the assessmentof the situation and the
choice of appropriate measures.

In summary, this study expands upon previous findings and pre-
sents novel insights into the antibodydynamics and concurrent variant
prevalence in Ethiopia. By integrating modeling techniques and broad
datasets, we aim to contribute to a deeper understanding of SARS-
CoV-2 infections and the implications for public health interventions
and vaccination strategies in Ethiopia, other resource-limited settings,
and beyond.

Results
Antibody data reveals majority had multiple infections
In our previous study, we assessed the dynamics of COVID-19 infection
between August 2020 and April 2021 in Addis Ababa and Jimma,
Ethiopia1. To understand how the COVID-19 pandemic evolved after-
wards, we conducted two additional rounds of sampling. As our pre-
vious study predicted a complete transmission within the population
for SARS-CoV-2 in Ethiopia by late 2021, we complemented the pre-
vious semi-quantitative analysis of Anti-N antibody levels by a quanti-
tative analysis of the Anti-S antibody levels in the newly collected and
historic samples to gainmore detailed insight into possible reinfection
occurrences. An overview of the demographics of the participants of
the original three rounds and the two follow up rounds is shown in
Table 1 (for healthcare workers Supplementary Table 1). Study flows
are depicted in Supplementary Fig. 1.

Our SARS-CoV-2 specific antibody tests revealed that in April
2022, the majority of individuals (in Round 5: 95.9% of the healthcare
workers and 94.8% of the community members), reacted positive for
both Anti-S and Anti-N antibodies (Fig. 1a–e), suggesting an infection
event. Based on a previous study, this result is unlikely to be explained
by cross-reactivity10. In Round 3 (April 2021, Fig. 1c) and four (August
2021, Fig. 1d), significant numbers of samples were observed which
showed isolated positivities for Anti-N or Anti-S. This can be explained
by a delayed onset of either Anti-N or Anti-S response shortly after or
during infection or, for Anti-S positivity, by vaccination. As large-scale
vaccination campaigns started in Ethiopia rather late in November
2021, the data suggests that sampling in Round 3 coincidedwithwaves
of SARS-CoV-2 infections. First confirmed vaccinated individuals show
up only in rounds four (August 2021, Fig. 1d) and five (April 2022,
Fig. 1e). Interestingly, although the vaccines used in Ethiopia only
induce Anti-S, most individuals vaccinated also showed reactivity for
Anti-N (in Round 5: 94.8% of the healthcare workers and 96.4% of the
community members), suggesting they had been exposed to the
infection prior to or shortly after vaccination. By Round 4 all vaccines

Table 1 | Demographic characteristics of community members participating in study

Jimma Addis Ababa

R1 (Dec 20) R2 (Jan 21) R3 (Feb 21) R4 (Aug 21) R5 (Apr 22) R1 (Jan 21) R2 (Feb 21) R3 (Apr 21) R4 (Sep 21) R5 (Mar 22)

Participants 536 325 267 539 575 361 314 721 424 461

Age 30 (19, 63) 30 (19, 62) 32 (19, 63) 33 (20, 65) 32 (19, 63) 36 (21, 68) 36 (22, 67) 35 (21, 67) 33 (19, 65) 38 (20, 68)

Sex

Female 260 (48.5%) 166 (51.1%) 136 (50.9%) 331 (61.4%) 317 (55.1%) 279 (77.3%) 236 (75.2%) 360 (49.9%) 209 (49.3%) 162 (35.1%)

Male 276 (51.5%) 159 (48.9%) 131 (49.1%) 207 (38.4%) 258 (44.9%) 79 (21.9%) 70 (22.3%) 109 (15.1%) 71 (16.7%) 299 (64.9%)

Missing 0 (0.0%) 0 (0.0%) 0 (0.0%) 1 (0.2%) 0 (0.0%) 3 (0.8%) 8 (2.5%) 252 (35.0%) 144 (34.0%) 0 (0.0%)

Anti-N positive 139 (25.9%) 114 (35.1%) 107 (40.1%) 313 (58.1%) 543 (94.4%) 165 (45.7%) 150 (47.8%) 234 (32.5%) 286 (67.5%) 458 (99.3%)

Vaccinated 0 (0.0%) 0 (0.0%) 1 (0.4%) 47 (8.7%) 195 (33.9%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 28 (6.6%) 167 (36.2%)

Age denoted as median and 90% quantiles, and sex in absolute and relative numbers. Round 1-3 (R1-R3) are the previous study1.
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Fig. 1 | Ro-N-Ig and Ro-RBD-Ig-quant measurements of five rounds of con-
venience sampled community members. a–e Scatterplots displaying the rela-
tionship between levels of N- and S-specific antibodies across five rounds of
measurement. Known vaccination status of each participant indicated by colors,
cutoff levels indicated by dashed lines and percentages of people per category

annotated in red. f–g Antibody levels over time between end of 2020 and April
2022. The observations are indicated by circles and the trend is indicated via
smoothing splines constructed on the basis of these data. Source data are provided
as a Source Data file.
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in Ethiopia were Covishield (AstraZeneca type vaccine manufactured
by Serum Institute of India) and by Round 5 Johnson & Johnson has
become another major type of the vaccine. Although few doses of
Sinavac/Sinopharm, Sputnik-V, Moderna, and Pfizer-BioNTech were
reported to be donated to the country, they were very little and hence
negligible. Therefore we can safely disregard the influence of mRNA
vaccines in our study.

Analyzing the magnitude of the Anti-S responses considered
positive (above the test threshold of 0.8), we observed two popula-
tions, separating positive samples into those with higher and lower
levels (Fig. 1c–e, Supplementary Fig. 3c–e, Fig. SN1). Comparing the
data in this study and with experience gathered in our population-
based studies in Munich, Germany11, it can be appreciated that one
exposure to SARS-CoV-2 with a natural infection generally induces
Anti-S values below a cutoff value centered in the middle of the anti-
body level range (shifted log-scale) as indicated with the vertical
dashed line in Fig. 1a and b. Higher Anti-S levels are only reached after
multiple exposures leading to a boosting effect. Employing
1-dimensional k-means clustering with two means on the S-positive
samples from all five rounds, we determined the cutoff value for the
groupswithoneormultiple exposures to be 274.5 (formoredetails see
Supplementary Information’s Supplementary Note 1 and Fig. SN2).
Anti-S results are diluted and measured within the linear range to
provide quantitative results for all samples as described inmore detail
in the Methods section.

For Anti-N values, a clear division into two populations is not as
evident as for Anti-S, likely due to the semi-quantitative nature of the
Anti-N measurements. A noticeable shift towards higher Anti-N values
is observed between Round 4 (Fig. 1d) and Round 5 (Fig. 1e). However,
we also performed k-means clustering on Anti-N values to determine
distinct categories, similar to the process carried out for the Anti-S
signals. Using the calculated cutoffs and positivity thresholds, we
assigned the individual patients for each round into the categories low
(negative, i.e. below threshold),medium (positive, i.e. above positivity
threshold but below calculated category cutoff), and high (above
category cutoff) for both Anti-N and Anti-S, respectively.

Moreover, we summarized the progression of Anti-N and Anti-S
level categories separately over time (Fig. 1f–g). Remarkably, in the
latest round of sample collection in April 2022, a substantial propor-
tion (75-80%) of the sampled individuals exhibited high antibody levels
for Anti-N as well as Anti-S. Since Anti-N is only induced after an
infection due to the spike-protein nature of the vaccines used in
Ethiopia, this suggests that a significant fraction of the population had
already experienced at least two exposures for each antigen by
that time.

Variant sequencing identifies all major substrains
The antibody data provide information about previous infections, but
not about the SARS-CoV-2 variants which caused them. Moreover, up
until very recently, there was no available data on virus variants in
Ethiopia9. Hence, to better understand the pandemic, we sequenced a
total of 1873 SARS-CoV-2 reverse transcription polymerase chain
reaction (RT-PCR) positive swabs, collected in Jimma andAddis Ababa,
between October 2020 and July 2022. Overall 574 sequences were of
sufficient quality to allow full pangolin strain matching and were thus
used for analysis.

The sequencing data revealed the presence of several variant
strains, including wildtype (A and all without any “interesting” muta-
tions, details below), wildtype* (B.1.480), alpha (B.1.1.7), beta (B.1.351),
eta (B.1.525), delta (B.1.617.2 and AY.*), and the two omicron lineages
BA.1 and BA.4/5 (Fig. 2a). At the beginning of the sampling period in
autumn 2020, the wildtype strain was predominant (as expected) and
accompanied by a notable presence of the wildtype* (B.1.480) strain.
However, in late 2020 to January 2021, the alpha variant emerged and
rapidly became the dominant strain, accounting for approximately

80% of the PCR-positive swabs by April 2021. During this time, the eta
lineage also briefly appeared, which was previously reported as the
predominant strain in Nigeria in early Spring 2021 (B.1.525 on cov-
lineages.org). In Ethiopia, the eta lineage was unable to outcompete
the alpha variant, and with the appearance of the delta variant in July
2021, both alpha and eta disappeared. In early 2022, the omicron BA.1
variant emerged and completely took over. Despite that we had only
limited samples during the transition phase, it is evident that by June
2022, the BA.1 variant was subsequently substituted by omicron BA.4/
5. The full and detailed results of the sequencing analysis can be found
in the supplementary materials (Table SN1).

The mutational variety observed in our dataset is extensive, with
mutations spanning from less than 10 to more than 90 mutations
relative to the original wildtype variant that originated in Wuhan
(Fig. 2b, c). As variations in the spike protein play a critical role for
immune escape, we assessed this in more detail following the defini-
tion and mapping of outbreak.info’s mutations of interest or concern
(MOIC)12,13. For the observed strains, the presence and absence of
MOICs are indicated in Fig. 2d. In previous studies14–16, the overall
number of mutations (Fig. 2b, c) was used as ameasure for reinfection
potential. Grouping our variants by MOIC allows us to maintain the
statistical power of the lineage groups for subsequent analysis of
potential cross-immunity while still retaining their relevant spike pro-
tein differences. The grid of distances of MOIC between observed
lineage groups in Fig. 2e demonstrates that our dataset encompasses a
range of distances up to 6, indicating diverse genetic distances
between the variants. Moreover we see that our data set consists of
variants which emerged earlier in other parts of the world, hence
implies a continuous introduction of new variants to Ethiopia rather
than a mutation of the wild-type inside of Ethiopia. We provide more
information about these distances in the methods section of
this paper.

Multivariant model describes antibody prevalence and strains
The long-term antibody and variant data from Addis Ababa and Jimma
provide valuable information about the course of the pandemic. Yet,
the observations themselves did not allow for a direct assessment of
infection or reinfection risk, or (cross-)immunity. Challenges are: (i)
most study participants contributed to less than three of five rounds of
antibody testing and (ii) the participant groups for antibody testing
and swab collection were disjoint. Therefore, it is not possible to map
the data types to each other and to analyze individual disease history.
To achieve a good understanding of the COVID-19 dynamics and the
interactions of different variants in Ethiopia, we instead employ epi-
demiological modeling of population averages.

We constructed a multivariant model to investigate the temporal
evolution of the SARS-CoV-2 pandemic in Ethiopia. The model
accounts for different sequences of infections and vaccination events
(Fig. 3a). The sequence of infections and vaccinations - to which we
refer in the following as pathways - is tracked to determine the
immunity status of individuals. Each infection follows the SEIR sche-
matic, with individuals transitioning from being susceptible to
exposed, then infected, and finally recovered. Due to official vaccine
availability in Ethiopia only after Round 317 in combination with our
previous observation that vaccinated individuals are more likely to
answer questions on the vaccination status on the questionnaire than
unvaccinated individuals,weconsidered individualswithout an answer
(“N/A”) as “unvaccinated” for modeling. The structure of the multi-
variant model is outlined in Fig. 3a using a small number of possible
pathways. The model has a total of 364 possible pathways, and pos-
sesses 950 compartments and more than 950 transitions.

We allowed for immunity and cross-immunity conferred by pre-
vious infections and vaccination in the multivariant model. As the
precise dependencies are not known, we assumed a variant-specific
risk reduction for reinfections with previously encountered variants.

Article https://doi.org/10.1038/s41467-024-47556-2

Nature Communications |         (2024) 15:3463 4



Fig. 2 | Sequencing results of samples obtained between October 2020 and
July 2022. a Number of successfully sequenced samples, variant frequency and
smoothed variant time-course. Variants are indicated using colors. b,c Phyloge-
netic tree of the sequenced samples, illustrating the relationships between variants
and their sub-variants (full list of variants in Supplementary InformationTable SN1).
Distance between variants represented by overall difference in their mutations.

Lineage groups b and number of mutations in the spike protein c highlighted by
color. d Heatmap indicating which variants possess specific mutations of interest
on their S1 protein. e Heatmap depicting MOIC mutation distances with respect to
mutations of interest between different variants. Distance indicated by gray scale.
Source data are provided as a Source Data file.
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Fig. 3 | Structure andfitting results of themultivariantmodel. aModel structure
depicting up to four consecutive infections/vaccinations. Potential infection
pathways labeled by the stages S(usceptible), E(xposed), I(nfectious) and R(ecov-
ered) and their respective variants highlighted by different colors. Only a small
subset of the in totalmore than 350 possible paths is shown. bModel fitting results
shown by progression of all observables against their respective (mean)

measurements. Bayesian90% credibility intervals formodel simulation obtainedby
sampling included as well as the standard deviation of the measurements. Predic-
tion simulations performed on n = 6001 parameter samples after burn-in from
Markov chainMonte Carlo. Sample sizes of data points provided in Supplementary
Note 2 (Table SN4). Source data are provided as a Source Data file.
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For infection with a different variant, we assume that the infection risk
depends on the difference of MOIC between the previously encoun-
tered variant and the variant to which individuals are exposed. In the
case of multiple previous infections, the union of mutations from the
previous variants is considered, and the distance to the new variant is
calculated. This is based on the assumption that antibodies against
regions with different MOIC can be developed. Vaccination is treated
as a recovery from the wild-type infection. Exposure risk is also influ-
enced by seasonality, which is incorporated using a 1-year-periodic
factor. The unknown parameters of this seasonality factor and cross-
immunity are estimated, along with the appearance times of the var-
iants, incubation and recovery times, a basic exposure rate, and the
exposure multipliers for the variants. A detailed mathematical
description of the multivariant model and a complete list of its para-
meters is provided in Supplementary Information (Supplementary
Note 2 and Table SN5).

To assess the evolution of the SARS-CoV-2 pandemic in Ethiopia,
we parameterized the multivariant model using data on antibody
levels, viral variant distribution, and national test positivity rate. The
Anti-S antibody measurements were used to provide information on
the fraction of individuals with a single infection or vaccination
(medium level) and the fraction of individuals with at least two infec-
tions, vaccinations or a combination of both (high level). Since it is
impossible to distinguish between vaccinations and infections from
Anti-S levels we implemented observables corresponding to the
medium and high levels without discriminating between vaccination
or infection (c.f. Supplementary Note 2 for detailed equations). The
viral variant data provided information on the relative levels of each of
the eight variants, mapping the relative measurements to the per-
centage of individuals in an infectious state associated with each var-
iant. The national PCR test positivity rate was used to determine the
percentage of currently infected individuals, irrespective of the
variant.

The parameterization of the model was performed using Markov
chain Monte Carlo sampling. The sampling results revealed good
agreement of the parameterizedmultivariantmodel with the observed
data (Fig. 3b). The antibody levels and variant distributions (the pri-
mary focus of our investigation) are captured accurately. The national
test positivity rate is described well up to two peaks (which might be
caused by different regions in Ethiopia). In fact looking at the timing of
the first peak, which is missed by our model, we see that our antibody
data is already saturated and hence tells a different story than the
nationally reported data. Most of the model parameters are well
determined (Table SN5 in Supplementary Information) and in agree-
ment with estimates provided in the literature. For a comprehensive
description of estimation and uncertainty analysis results for specific
parameters, as well as convergence information, we refer readers to
the supplementary materials.

Overall, comparison of model simulation and data revealed that
the proposed multivariant model provides a good description for the
progressionof the SARS-CoV-2 pandemic in Ethiopia. Furthermore, the
assumed model for (cross-)immunity appears appropriate to accu-
rately describe the data for Addis Ababa and Jimma.

Reconstruction of infection history and cross-immunities
As the multivariant model provides an accurate description of the
observed data, we used it to study the population-level infection his-
tory in Addis Ababa and Jimma. This infection history is encoded in the
time-dependent state of the parameterized model, which is informed
by our broad datasets.

The analysis of the model predicted that the most common
pathwayof infections and vaccinationswas: 1st infectionwithwildtype,
2nd infection with delta, vaccination, and 3rd infection with omicron
BA.4/5 (Fig. 4a, b). In particular wildtype*, alpha, beta, eta, and omicron
BA.1 are not part of it, of which omicron BA.1 appears in the second

most common pathway (delta, omicron BA.1, omicron BA.4/5) and
alpha appears in the third most common pathway (alpha, delta, vac-
cination, omicron BA.4/5). The estimates indicate that a median of
12.7%with 90% credible interval (CI) of (10.9%,14.4%) of the inhabitants
of Addis Ababa and Jimma followed this pathway. As suggested by the
low percentage of individuals following the most common pathway,
there has been a large degree of pathway variability. Indeed, the 10
most common pathways account for only 59.0% (42.8, 69.8) of the
overall pathways (Fig. 4b). The high variability is caused by a large
number of different combinations of virus variants. Overall wildtype,
delta, and omicron BA.4/5 variants are the primary contributors to the
infection progression (Fig. 4c). They are followed by wildtype*, alpha,
andomicronBA.1, which alsoexhibit notable contributions. Themodel
predicts a negligible impact of beta and eta variants, which is con-
sistent with the data used to parameterize it.

The analysis of the time of infections (Fig. 4c) indicates three
distinct waves, which coincide with reports for wildtype, delta and
omicron BA.4/5. Notably, the emergence of the delta variant marks a
shift where second infections start playing a significant role, which
aligns with findings from other published studies18. Furthermore, with
the introduction of the omicron variants, third infections become
more prevalent, resulting in nearly the entire population experiencing
at least two infections. Until September 2022, the occurrence of fourth
infections appears to be minimal, likely due to the influence of vacci-
nation and pre-existing immunity.

To assess the impact of cross-immunity on the pandemic, we
assessed the corresponding model parameters used to describe it
(Fig. 4d, e). The statistical inference suggests that the reinfection risk
with the same variant - corresponding to a MOIC mutation distance
of 0 - is reduced to 10.0% (5.1, 14.7) of the risk of an initial infection. In
contrast, reinfection with different variants demonstrates a range
of probabilities, ranging from 24.5% (21.3, 27.8) for a MOIC mutation
distance of 1 (e.g., wildtype to wildtype*) to 68.6% (63.2.3, 72.4)
for a distance of 6 (e.g., wildtype* to omicron BA.4/5). The 90% CIs
for all variant-variant combinations are displayed in Supplemen-
tary Fig. 2.

Overall, the multivariant model provided insights in the infection
history by linking datasets collected for different groups of individuals
at different time points. Based on this, it sheds light on the differential
susceptibility to reinfection based on the genetic distances between
variants.

Antibody-level model predicts high immunity and slow decline
Themultivariant model enabled the assessment of the Anti-S antibody
and variant data, yet, it is unable to fully exploit the comprehensive
assessment of Anti-N andAnti-S antibody levels (Fig. 1a–e) available for
a large fraction of our cohort. As this is necessary to assess waning
immunity and the impact of vaccination rates, we decided to develop a
tailored model for the analysis of these aspects.

We constructed an antibody-level model describing the dynamics
of the Anti-N and Anti-S antibody levels. Following the analysis of the
measurement data (Supplementary Information Fig. SN1), we imple-
mented a discretization of both antibody levels in low (negative),
medium andhigh, which yielded amodelwith 9 state variables (Fig. 5a).
Thresholds for these categories were inferred from the data (cf. anti-
body subsection of Results section and Supplementary Note 1 of
Supplementary Information). Infections are assumed to result in
increases of Anti-S and Anti-N antibody levels to the next higher
category, while vaccinations are assumed to result only in an increase
of Anti-S antibody levels to the next higher category. To account for
the semi-quantitative nature of Anti-N measurements and the possi-
bility of boosting Anti-N to high levels with a single infection, the
model allows for a fraction of individuals in the Anti-N low category to
directly transition to the high category. Antibody waning results in a
shift to a lower category.
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To capture the dynamics of the antibody levels in Addis Ababa
and Jimma, the antibody-level model used the available informa-
tion about variants and vaccinations as inputs. The vaccination
rate was calculated as monthly averaged rates based on the vac-
cination information provided by the participants of the antibody
study, and the relative abundance of variants was computed by
fitting Gaussian kernels to the data and using them as weights for

the time-dependent effective transmission rate, i.e., the weighted
sum of all variant transmission rates. The results of these com-
putations can be seen in Fig. SN10 and Fig. SN11 of the Supple-
mentary Information.

Additionally, themodel incorporates seasonality, as described for
the multivariant model. Furthermore, two immunity factors are
introduced asmultipliers of the transmission rate: one applied if either
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of the antibody levels is in themedium category and a second applied
on top of the first factor if either level is in the high category.

Unlike for the multivariate model, the distribution of variants is
derived a priori from available data, and only their transmission rates
and initial time of the overall disease dynamics are estimated. Incu-
bation and recovery times are also estimated. For further information
on themodel setup, parameter details, and estimation results, we refer
readers to the supplementary materials.

The antibody-levelmodel possesses several unknownparameters,
including the rates of antibodywaning, the infection rates for different
variants, and the fraction of infections, which directly result in a high
Anti-N category. We estimate these parameters using Markov chain
MonteCarlo sampling from the availabledata, whichare the fractionof
individuals in different categories and the national PCR test positivity
rate. The parameter estimation provided a model which describes all
these data well (Fig. 5b and c (left)). Indeed, credible intervals for
parameter estimates (Supplementary Information Table SN8), state
variables (Fig. 5b) and predictions (Fig. 5c) were mostly tight, indicat-
ing a low uncertainty of model predictions. In alignment with immune
escape properties of later variants, we estimated higher valued infec-
tiousness parameters for them, e.g. omicron BA.4/5 having 3.3 times
the delta and 10.6 times the wildtype infectiousness. Relative infec-
tiousness for all variants can be deduced from Supplementary Note
Tables SN3 and SN6.

As for the multivariant model there is some discrepancy between
national test positivity rate and model description (which might be
caused by different regions in Ethiopia). Nevertheless, the antibody-
level model provides an accurate description of the available antibody
data, so thatweused it to predict the current antibody levels, including
observations of antibody levels until April 2022. We found that fol-
lowing the omicron wave, our model predicts a remarkable trend
(Fig. 5b): up to 100% of the population is projected to fall into the high
antibody category for both Anti-N and Anti-S antibodies. This predic-
tion is subject to minimal uncertainties. Notably, the parameter esti-
mation determined slow decay of both Anti-N and Anti-S antibody
levels, leading to sustained high levels in the high antibody category
until present times.

Given that the sequence of infections and vaccinations was pre-
dicted to yield high antibody levels, we explored the impact of vacci-
nation rates. In addition to the actual reported vaccination rate, we
considered a 5- and 10-times increased vaccination rate (Fig. 5c, mid-
dle), two levels, which could have been achieved using redistribution
on the global scale. The artificial experiments indicated that increased
vaccination rates would have led to a substantial reduction in infec-
tions during the delta wave. For the omicronwave, a reduced impact is
predicted due to the higher transmission rate, but the number of
hospitalizations could have been substantially lower with higher
vaccination rates.

The second type of prediction involved retrospectively examining
the impact of varying vaccination rates on the overall virus spread. By
multiplying the actual vaccination rate by different factors larger than
1, we investigated how improved vaccination scenarios could have
affected the course of the pandemic. Our analysis reveals compelling

insights: a vaccination rate five times as high as the actual rate,
equivalent to 11.2e7 vaccinated dosages instead of the actually
observed 2.7e7, would have significantly mitigated the delta wave.
Furthermore, higher vaccination rates of 5 or even 10 times the actual
rate could have substantially reduced infections during the omicron
wave, potentially halving or lowering it even further (Fig. 5c second
and third subplot).

Overall, the predictions of the antibody-level model highlight the
critical role of early vaccination in controlling the spread of the virus
and provide valuable information for policymakers and public health
officials. The results of our model offers evidence-based projections
that shed light on the potential outcomes of different vaccination
scenarios, emphasizing the importance of accelerated vaccination
efforts early on in curbing the impact of viral variants, while implying a
minor role of later vaccinations in already saturated natural immunity
level scenarios.

Discussion
The course of the COVID-19 pandemic and current immunity status for
many countries is still not sufficiently understood to inform decision-
making about the effectiveness of past measures and strategies for
future pandemics. This study provides data and model-based analysis
to close some of the gaps for Ethiopia. By performing wide sampling
before the omicron wave and quantifying antibody titres, we provide
insights into the cumulative infection numbers, including the pre-
valence of reinfections. This suggests that by the end of the last sam-
pling round in April 2022, already 55.1% of the inhabitants of Ethiopia
recovered from two SARS-CoV-2 infections. Another 4.1% of the inha-
bitants of Ethiopia recovered from three SARS-CoV-2 infection-
s.Comparing this to the roughly 470,000 officially confirmed case
numbers at the end of April 2022 and the official WHO number of
500,000 cases by late spring 2023 (WHO Covid-19 Dashboard), it is
clear that drastic underreporting regarding the number of SARS-CoV-2
infections has been and is still happening in Ethiopia.

Our broad longitudinal analysis of PCR-positive swabs com-
plemented the information about antibody levels and provided an
overview of disease-driving mutations. In Ethiopia, wildtype, alpha,
delta andOmicronBA.4/5were themost influential SAR-CoV-2 variants
and appeared (except alpha)with a slight delay compared to the global
appearance (Supplementary Information Fig. SN9). In relationwith the
Ethiopian variant survey of Sisay et al. our key findings are confirmed9:
The importance of B.1.480 (wildtype* in our case) and non-concerning
B.1 sublinages (wildtype in our case), the minor role of beta and the
general timeframe and dominance of alpha, delta, and omicron waves
are common discoveries. Since the observation period of Sisay et al.
ends in February 2022, which is around the time when the statistical
power of our sequencing data decreases substantially, future research
about the precise transition between the omicron waves BA.1 and
BA.4/5 could be worth exploring.

To fully exploit the large datasets, we developed two models in
this study. The multivariant model provides, to the best of our
knowledge, one of the most detailed descriptions of the dynamics of
the SARS-CoV-2 pandemic for an African country and is unique as it

Fig. 4 | Analysis of estimated variant-pathways and cross-immunities.
a Illustration of three common pathways depicting the progression from a sus-
ceptible state to acquiring up to four different infections and/or vaccinations over
time. b Proportions of variant-pathway-groups within the population, highlighting
groups that constitute more than 3% of the total population. c Timeline of total
number of infected people (first row) and time-resolved compositions of each
group highlighting the portions of last variant recovered from or vaccination
obtained by color (subsequent rows). d–e Estimated cross-immunity-levels, with
100% corresponding to a zero percent infection probability and 0% corresponds to
infection risk aswithoutprevious infection.dBoxplot of estimated immunity-levels
including sampled uncertainty. Immunity depicted with respect to MOIC mutation

distance between newly encountered and previously encountered variants (-com-
binations) (Center line,median; box limits, upper and lower quartiles;whiskers, 1.5x
interquartile range; points, outliers). e Heatmap of cross-immunity levels between
variants. Y-axis corresponding to previous and x-axis to new variant. Intensity of
colors corresponds to strength of cross-immunity, with darker shades indicating
higher levels of immunity. Empty cells indicating infection combinations excluded
a priori from models based on the world wide variant wave chronology, e.g. a
wildtype infection after recovery from delta. c-e Median and CIs obtained from
n = 6001 samples after burn-in from Markov chain Monte Carlo. Source data are
provided as a Source Data file.
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Fig. 5 | Modeling, fitting results and predictions of antibody-category model.
a Model structure of different antibody category levels and transmission between
them. Antibody levels against N or S, respectively, are indicated by colors. b The
inner grid presents the fitting results to mean measurements (with standard
deviations) along with 90% confidence bands derived from parameter sampling.
The aggregated levels of Anti-S andAnti-N antibodies are displayed in the lower row
and right column, respectively. The prediction phase, where no new antibody data
wasmeasured, is highlighted. c First plot showing the fit of simulated incidences to

measured national test positivity rates (mean and standard deviation taken per
month). Second and third plots illustrating predictions of test positivity rates under
hypothetical scenarios with vaccination rates 5 and 10 times as high as the actual
rate. Last plot showing how different vaccination rates translate to vaccinated
dosages. b, c Prediction simulations performed on n = 30,001 parameter samples
after burn-in fromMarkov chainMonte Carlo. Sample sizes of data points provided
in Supplementary Note 3 (Table SN7). Source data are provided as a Source
Data file.
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allows for the description of multiple waves and the variant replace-
ment dynamics. Many of the important studies on African countries
presented so far focus on individual waves19–21, a specific variant
replacement event22,23, or do not explicitly account for variants24,25.
Here, we showed that our model provides a new way to assess path-
ways of infections and vaccinations as well as cross-immunity between
variants with low prediction uncertainties. By integrating three com-
plementary datasets: antibody, variant, and test positivity data, the
model identified the four most dynamic driving variants and accu-
rately mapped the timing of large-scale occurrences of second infec-
tions to the delta wave. Surprisingly, with the omicron variant, almost
the entire population had a second infection, and third infections also
became relevant. The investigation of cross-immunity revealed that a
simple model based on the distance in MOIC is sufficient to describe
the observed data. Themodel predicts cross-immunities ranging from
24.5% to 68.6% risk reduction.

The estimates and predictions provide an in-depth assessment of
the situation in Ethiopia. On the high level, they also agree with other
studies, including the meta-analysis by the COVID-19 Forecasting
Team, which used Bayesian meta-regression to pool results of 65 stu-
dies from 19 different countries on protection against new variants by
past infections with earlier variants26. For pooled protection against
ancestral variants, which the COVID-19 Forecasting Team uses as a
collective term for all variants which occurred earlier than the alpha
variant, they obtained protection levels of 84.9% (72.8, 91.8). Com-
paring their result (95% CI) to our findings (with 90% CIs) of 90.0%
(85.3, 94.9) of wildtype and wildtype*, which in our context corre-
sponds to variants earlier than alpha variant, against themselves and
75.5% (72.2, 78.7) against each other, we see that our estimates lay well
inside the study’s CI (Fig. 4e, Supplementary Fig. 2). Pooled protection
against the alpha variant is stated to be 90.0% (54.8, 98.4) while our
values range from 53.1% (50.2, 56.0) to 90.0% (85.3, 94.9) (Fig. 4e,
column on alpha variant), where our lowest median is only slightly
below their CI’s lower bound and the CIs overlap (Supplementary
Fig. 2). Protection against beta is reported to be 85.7% (83.4, 87.7).
Since the beta variant did not play a large role in Ethiopia according to
our data, it is not surprising that this very tight interval is not repre-
sented by the values of our beta column in Fig. 4e. The eta variant was
not explicitly investigated by the COVID-19 Forecasting Team. Delta
induces reported protection of 82.0% (63.5, 91.9). Our model suggests
lower protection values despite that wildtype, which is the main var-
iant after which delta reinfections happened according to our model,
has amedian of 63.3% (60.6, 65.9), i.e. for delta the CIs areoverlapping.
For omicron BA.1, the COVID-19 Forecasting Team states protection
levels of 45.3% (17.3, 76.1), which completely covers our values for
previous infection with other variants. Only reinfection with BA.1,
which does not play a role in our findings, is above this interval. For a
meta-analysis on BA.4/5, there were insufficient publications available.
They only cite one study27 with protection levels of 76.2% (66.4, 83.1)
for previous omicron BA.1 and 35.5% (12.1, 52.7), where the former is
only slightly undercut and the latter slightly exceeded by our median
values depicted in the last column of Fig. 4e. Overall, for the variant-
variant combinations, which play a major role according to our model
and are also part of the meta-study, the cross-immunities we obtained
are mostly in accordance with the COVID-19 Forecasting Team’s find-
ings. The other variants must be treated more cautiously since either
their minor role in our model makes it difficult to compare to the
pooled data of the meta-study or the meta-study lacked sufficient
statistical power to report on them.

The analysis based on themultivariant model was complemented
using a tailored model for the description of antibody levels. The
analysis of the available data using this model suggested that antibody
decay is slow, in particular for Anti-S antibodies. This is in accordance
with other research on SARS-CoV-2 antibody decay28, although direct
comparison of numbers is difficult due to the 2-dimensionality and

3-category setup of ourmodel, tackling the issue of limited individuals
participating in all rounds of data collection. Van Elslande et al.
reported a median time to 50% seronegativity of 809.6 days in non-
severe patients (resp. 985.9 days for severe cases) for Anti-S and
273.1 days in nonsevere patients (resp. 327.3 days for severe cases) for
Anti-N28. The decay is assay-specific and thus, should be interpreted
based on the test system used. We have investigated the decay in
unpublished longitudinal cohorts in Munich using the same test sys-
tem as this study (Ro-N-Ig and Ro-RBD-Ig-quant, for details see meth-
ods section) and see similarly slow decay of Anti-N and even slower
decay of Anti-S signals. In accordance with the results, our antibody
model indicated that, particularly with respect to the S-protein, anti-
body levels remain in the high category in the population to date,
suggesting that current vaccinations may have a negligible effect. This
is based on the general population, and thus does not take into
account additional needs of vulnerable groups which might still ben-
efit from vaccination in this setting of recurrent infection waves. Fur-
thermore, by simulating higher vaccination rates retrospectively, we
concluded that it would have been possible to substantially mitigate
the delta and omicronwaves withmore administered vaccines. For the
delta wave this is strongly supported by our healthcare worker anti-
body data, where in August 2021most of the high antibody levels were
caused by vaccination in comparison to community members with
almost no vaccination, but similarly high-level percentages (Fig. 1d,
Supplementary Fig. 3d). On the other hand, for omicron we have high
uncertainties in our predictions (Fig. 5c). Taking into account the high
immune escapeproperty of omicronwewould probably still have seen
a substantial wave, nevertheless with a notably smaller peak. More-
over, from then onmost of the populationwas exposedmultiple times
and thus benefits of the titres are less pronounced now.

It is important to approach these findings with caution, since we
assessed total levels of antibodies, not neutralizing levels, and the
relationship between overall antibody levels and reinfection risk is still
an area of ongoing research. There is literature confirming that relative
reinfection risk after first infection is around the median 32% that our
multivariant model estimated. For example, Iversen et al. present 35%
relative risk after first infection of Danish healthcare workers29.
Transfer of protection data from the literature to Ethiopia is compli-
cated, as the conditions ofmost studies in the field are vastly different.
Protection varies considerably depending on the width of the pre-
existing immune response and the timebetween last exposure and the
exposure in question. The magnitude of the measured antibody levels
also varies depending on the specificity profile of the antibodies and
antigens used in the tests. With larger differences in antigenic struc-
ture, cross-protection decreases and variation in the serology results
increases.

We focused on analyzing data from community members to
investigate the antibody progression associated with SARS-CoV-2
infection. Virus variant-specific information was available for isolates
from the clinics also derived primarily from community members and
not specifically for healthcare workers. A detailed analysis of the
antibody progression among healthcare workers can be found in
Supplementary Fig. 3.

The study presented here provides several new insights, but also
has weaknesses. On the data collection side, the low number of
sequenced swabs after the end of 2021 is problematic. We thus
accounted for inhomogeneous sampling in the statistical analysis and
the parameter estimation. The models we propose here are based on
antibody and variant data from Addis Ababa and Jimma, as well as
nation-wide test-positivity rates. While the sampling regions in Addis
Ababa and Jimma cover areas of different population density and
should prove a broad picture, they might not be fully representative
for the spread of SARS-CoV-2 in Ethiopia. An indication for this is that
the nation-wide test-positivity rate increases in April 2021 and January
2022,while the antibodydata donot show substantial changes at these
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time points or briefly afterwards. Hence, the use of the combined
dataset for the assessment of Ethiopia is an extrapolation. Moreover,
(i) the description of cross-immunity factors as a function solely
depending on MOIC neglects that other mutations might also affect
immune escape potential, (ii) the dependency of cross-immunity after
infections with different variants on the union of mutations from
previous variants might overemphasize later variants (since secondary
infections are assumed tomainly recall cross-reactive antibodies). Yet,
these simplifications were important to ensure computational feasi-
bility andbalancemodel complexity and statistical power in the data. A
consideration of all mutations would have increased the number of
model parameters by a factor of 9.5 and the dataset would have been
insufficient to inform them. Despite its limitations, this study provides
an unprecedented insight into the dynamics of COVID-19 infections
over time and the impact of the variants in Ethiopia. The findings have
valuable implications for current and future research and policy-
making, enabling a better understanding of the actual situation and
offering potential directions for vaccination policies.

To conclude the dynamics of the SARS-CoV-2 variants in Ethiopia
between 2020 and 2022 had similar trends as those observed globally.
However, our five rounds of seroepidemiological survey in Addis
Ababa and Jimma between August 2020 and April 2022, revealed that
in our study group over 96%were exposed at least once to the virus by
the last round of our survey. This figure is much higher than in other
nation-wide reports. Combining longitudinal serology, viral sequen-
cing data, national test positivity rates, and mathematical modeling,
we conclude that most Ethiopians have had multiple exposures to
SARS-CoV-2, leading to high antibody titres with slow decay char-
acteristics. Due to recurrent infections with different variants and
vaccination in many individuals in Ethiopia, we expect a strong hybrid
immunity to date.

The models developed based on the antibody and virus variant
dynamics show that earlier and more widespread vaccination of the
population would have reduced the overall number of infections
considerably. However, the general population has now undergone
multiple infections as detected by serology and most likely will not
benefit much from further vaccinations, especially if the vaccine still
harbors the wild type receptor binding domain sequences. Due to
persistent circulation of the virus with obvious underreporting, the
main focus for preventive actions should be focused on the most
vulnerable groups of the population.

Methods
Ethics
In this study, samples were collected as a follow-up to our previously
published work1.

In brief, we conducted a follow-up investigation on antibody
prevalence at two centers in Ethiopia: Jimma Medical Center [JMC] in
Jimma and St Paul’s Hospital Millennium Medical College in Addis
Ababa. The research was approved by the Institutional Review Boards
of Jimma University Institute of Health (IHRPGD/978/2020 and
IHRPGD/361/2021) and St Paul’s Hospital Millennium Medical College
(PM23/239/2020 and PM23/003/2020) as well as Ludwig Maximilian
University of Munich (21-0293). Further approval from Addis Ababa
andOromia Regional Health Bureaus was also obtained (BEFO/KBTFU/
1-16/488). Written informed consent in local languages was obtained
prior to admission to the study. For participants unable to read or
write, an impartial witnesswas involved andfingerprintswereobtained
for consent. Preliminary results were presented to the Ethiopian Public
Health Institute, Federal Ministry of Health of Ethiopia, and Ethiopian
Medical Association.

Antibody data acquisition
Community members and healthcare workers were recruited for the
serology study based on convenience sampling. Hospital workers –

including clinical staff, medical interns, cleaners, guards, food hand-
lers, and administrative personnel – were recruited at two hospitals,
the St Paul’s Hospital in Addis Ababa and the JimmaMedical Center in
Jimma. In Addis Ababa, community members from Addis Ketema and
Yeka subcities were recruited. In Jimma, no specific region was chosen
and rural participants were recruited around the Jimma Zone. Sample
sizes were initially calculated in July, 2020, when not much baseline
data was available and later became flexible as more data became
available. Moreover, as the rate of dropout was more than 30% (our
initial expectation), we recruited more participants to compensate for
the dropouts (c.f. Supplementary Fig. 1 for detailed studyflow). One
participant per household was sampled to avoid any clustering effects
andhouseholdswere selected randomly in away that avoided frequent
interaction from the next candidate household to prevent cross-
contamination. Overall the median age was 30 with 90% percentile
(20,60) and 55.6% of participants, which provided information about
sex were female (for round and site-specific demographics see Table 1
and Supplementary Table 1). All participants of the first 3 rounds were
enrolled before the introduction of COVID-19 vaccines in Ethiopia. In
later rounds participants provided their vaccination status and dates
through a questionnaire. For more details see in-depth description in
Gudina et al.1.

In total, 3ml of venous blood was collected in standard serum
tubes. After full coagulation at room temperature, serum was har-
vested by centrifugation and stored at −20 °C on the same day as
sampling. The Roche Elecsys® anti-SARS-CoV-2 [Ro-N-Ig] and the
Roche Elecsys® anti-SARS-CoV-2 S [Ro-RBD-Ig-quant] were used for
serologic analysis. Both assays are double-antigen sandwich assays,
detecting antibodies of all subclasses against SARS-CoV-2. Measure-
ments were performed on a Cobas e801 analytical unit (Roche Diag-
nostics, Basel, Switzerland) in Munich, Germany, or a Cobas e601 unit
(Roche Diagnostics, Basel, Switzerland) in Jimma and Addis Ababa,
Ethiopia, using electrochemiluminescence (ELECSYS) technology.

The Ro-RBD-Ig-quant assay uses a truncated S1 protein as an
antigen and is a quantitative assay validated for use with human serum
and plasma. It is linear between 0.4 and 250Units (U) perml, which are
equivalent to the standardized (WHOpublicationWHO/BS.2020.2403)
BAU (Binding Antibody Units) according to the manufacturer’s man-
ual. Values above 250U/mlwerediluted in 10-fold until the linear range
was reached according to the manufacturer’s procedures. Values in
this study weremeasured within the linear ranges and back-calculated
depending on the dilution as appropriate.

TheRo-N-Ig assay is a qualitative assay similar to Ro-RBD-Ig-quant,
but using nucleocapsid as an antigen. The results are given as cut off
index (COI), and only a cutoff for positivity is provided by the manu-
facturer. A linear range is not officially established.We use the raw COI
values in a semi-quantitative manner, as we have observed a good
dynamic range and excellent repeatability of the values. Anti-N mea-
surements were not diluted, so can be outside the linear range in
this work.

Variant data acquisition
A total of 1873 SARS-CoV-2 RT-PCR positive swabs were collected in
Jimma and Addis Ababa, Ethiopia between October 2020 and July
2022. Sample dates were not always available as an exact date, but
rather month and year only. Therefore, the midpoint of the respective
sampling month was used for all samples analyzed. The swabs were
collected from individuals presenting with COVID-19-related symp-
toms, contacts of confirmed COVID-19 cases, and high-risk popula-
tions such as healthcare workers. The specimens were collected at
Jimma Medical Center and St. Paul’s Hospital.

Jimma Medical Center in Jimma Town and St. Paul Hospital in
Addis Ababa are among the major COVID-19 testing and treatment
sites in Ethiopia. Jimma COVID-19 center serves as the only COVID-19
diagnostic facility in southwest Ethiopia, home to about 20 million
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inhabitants. It is the only facility with intensive care for severe COVID-
19 cases in the region. St. Paul Hospital in Addis Ababa is a public
tertiary referral hospital serving as a COVID-19 diagnostic and treat-
ment center for Addis Ababa and surrounding areas.

All RT-PCR-positive specimens were stored at −80 °C at these two
sites during the study period. Specimens in poor storage conditions
and thosewithout proper documentationofdata collectiondateswere
excluded. The stored samples were transported on dry ice to Munich
in Germany. There, whole nucleic acid extractionwas performed using
the tanbead maelstrom 4800 instrument (TANBead, Taiwan) and the
TANBead Optipure Viral Auto Tube / Plate extraction kits (TANBead,
Taiwan). cDNA of the extracts was generated using the LunaScript one
step RT (New England Biolabs).

Following the ARTIC network nCoV-2019 sequencing protocol
v230, amplicons spanning the whole SARS-CoV2 genome were ampli-
fied from the cDNA samples. The resulting products were pooled,
tagmented with NexteraXT library prep kit (Illumina, San Diego, USA),
barcoded, and sequenced on an Illumina NextSeq 2000. For each
sample, the sequenced reads were demultiplexed and mapped to the
SARS-CoV-2 reference genome (NC 045512.2) with bwa-mem31. The
consensus sequences were obtained from the sequenced amplicons
using the iVar package32. Briefly, the package trims the primer
sequences from the mapped reads and filters them by a base quality
>20 and minimal read length of 30 nt. Pileup files are generated from
the mapped reads which are used to assemble the consensus
sequence. The consensus sequence was assigned to SARS-CoV-2
lineages using the Pangolin tool33.

Analysis of antibody data
To ensure a broad analysis, we merged the data collected for com-
munity members in Addis Ababa and Jimma for each round, as the
timing of the sampling campaigns overlapped significantly. This
allowed us to combine the data effectively and to capture a more
comprehensive picture of the antibody dynamics in these
communities.

To facilitate meaningful analysis while preserving the relative
order of magnitude and accounting for zero measurements, we
transformed the antibody measurements using the shifted logarithm
base 10 function (log10(x + 1)). This transformation enabled us to easily
analyze the data across different scales while still maintaining the
interpretation of zero as the absence of detectable antibodies.

For categorizing the antibody levels, we considered measure-
ments for each antibody type independently, disregarding the round
in which they were obtained. Anti-N values and measurements below
the predefined cutoff were excluded from the analysis. We performed
k-means clusteringwith twomeans, i.e. k = 2, on the remaining samples
to assign the measurements into distinct antibody level categories.

Smooth changes in antibody levels over time were visualized
using a monotonic spline-fitting approach. This allowed us to capture
the overall trend and highlight gradual variations in the antibody
responses.

To ensure an adequate number of data points for model fitting
while remaining reasonable errors for the analysis, we performed
k-means clustering (k=2) on the dates of each round. Subsequently, we
split each round into two subgroups based on the clustering results and
aggregated the antibody responses within these subgroups. Addition-
ally, to estimate high-confidence intervals for error analysis, we fitted a
multinomial model to the distribution of the three antibody categories.

To estimate vaccination rates in our study, we employed a fitting
approach using monotonic splines applied to the vaccination infor-
mation provided by the participants, allowing us to capture the tem-
poral trends and variations in vaccination rates accurately. For
comprehensive details on the specific methodologies and results of
the vaccination rate estimation, we refer readers to the supplementary
materials.

For more detailed information and results, we encourage readers
to refer to the corresponding sections in our manuscript.

Analysis of variant data
Whole genome sequencing and subsequent analysis utilized
Nextstrain’s34 Augur software, coupled with Auspice for phylogenetic
analysis and visualization. To classify the sequenced genomes, we
employed pango lineages33 and grouped them based on shared
mutations of interest or concern (MOIC) on the S1 protein according to
outbreak.info12,13. To quantify the genetic distances between these
variant groups, we utilized the Hamming distance, a metric often used
to measure distance in gene alignment14–16. Here we calculate the dis-
tanceonly based ondifferentMOIC and not allmutations to grasponly
themajor immune escape changing differences. For ourmodels below
we allow for additional behavioral differences independently of this
distance. To capture the temporal dynamics of variant prevalence, we
organized the samples according to the month of collection and cal-
culated the fractions of each variant. For a smooth visualization of
these trends, we applied monotonic spline fitting to generate
smoothed curves. To estimate the errors for later parameter estima-
tion, we utilized a multinomial model and fitted it to the monthly
variant distributions. To obtain an input function of variant distribu-
tion for the antibody level category model while maintaining a rea-
sonable level of complexity, we aggregated the samples over two-
month intervals before applying monotonic spline fitting. These pro-
cedures allowed us to effectively characterize the variant dynamics
and obtain essential inputs for subsequent modeling analyses.

Modeling
Themodel-based analysis was performed using compartmentmodels.
Utilizing the SEIR (susceptible, exposed, infectious, and recovered)
framework, which has been shown to be reliable for modeling the
spreadof Covid-191,35, we aimed to analyze and predict the dynamics of
the pandemic.

For the multivariant model we constructed pathways, i.e., chains
of SEIR strands, allowing up to four consecutive infections or vacci-
nations. Pathways which deviated from the chronological order of
variant appearances worldwide were excluded. Furthermore, the
model only allows for a third infection with the two omicron variants
and a fourth infection exclusively by omicron BA.4/5 to account for the
reported inter-infection intervals. We allow for different transmission
rates for each variant—thereby implicitly considering all mutations –

and model their cross-immunity as a function of difference in MOIC.
Rates for first, second and third vaccination were estimated a priori as
splines from the vaccination information of the antibody study parti-
cipants and implemented as time-dependent functions into themodel.

The antibody-level model does not trace pathways of variants and
infections, but categories of antibody levels for Anti-S and Anti-N. Here
the SEIR strands are connecting the categories allowing for a boost in
antibody levels by infection and recovery. For this model the vacci-
nation is calculated a priori as an average vaccination rate and imple-
mented as a time-dependent function into the model. Moreover, we
made the assumptions that people with already high Anti-S levels do
not get vaccinated anymore, i.e., the amount of people still applying
for vaccination after two infections or vaccinations is negligible.
Because of the non-pathway nature of this model we also fitted the
variant distribution a priori and used this fit as weights for a sum over
the variants’ transmission rates to obtain an effective transmission
rate. The exact formula for this can be found in Supplementary Note 3
of the Supplementary Information.

The models were encoded using the Systems Biology Markup
Language (SBML)36 and simulated via the software toolbox AMICI37.
More comprehensive details regarding themodelingmethodology are
provided in the model subsections of Supplementary Notes 2 and 3 of
the Supplementary Information.
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Parameter estimation
To estimate the model parameters, we adopted a Bayesian approach,
integrating categorial antibody data and sequenced variant infor-
mation, along with national test positivity rates and previous
knowledge derived from the literature regarding disease progression
rates. The model parameter inference was performed using an
adaptive Metropolis-Hastings algorithm from a starting point esti-
mated with frequentistic, gradient-based optimization, both expertly
implemented in the Python Parameter Estimation Toolbox
(pyPESTO)38. In order to capture the temporal dynamics of the
antibody levels, we split each antibody round into early and late
phases using the k-means clustering technique. The resulting sam-
ples from the posterior distribution were post-processed, e.g., by
removing the burn-in, and convergence was assessed visually and
using the Geweke test. The samples were then utilized to derive
predictions and associated credible intervals (CIs), providing valu-
able insights into the dynamics of the pandemic. The parameter
estimation problems were formulated using the Parameter Estima-
tion table (PEtab)39 standard. More information on the parameter
estimation setup and results can be found in the corresponding
subsections of Supplementary Notes 2 and 3.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The models and population average data are available at Zenodo
[https://doi.org/10.5281/zenodo.10871139]. The variant sequences are
published in the Sequence Read Archive40 under project number
PRJNA1017685. Individual level data will be made available to other
researchers in a reasonable timeframe upon qualified request to the
corresponding authors AK and AW, due to limitations of data sharing
in the ethics statements. Source data are provided with this paper.

Code availability
The code for model creation,data aggregation and figure plotting is
available at Zenodo [https://doi.org/10.5281/zenodo.10871139].
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