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Abstract. Prediction models which will explicitly include the immunity levels
of the population are required to plan effective measures for the containment of
seasonal epidemics of influenza. The aim of the current work is to develop an
approach to herd immunity dynamics modeling, with the long–term goal of em-
ploying it as a part of multicomponent model of influenza incidence dynamics.
Based on serological studies performed for 52 Russian cities and 2 virus strains
(A(H1N1)pdm09, A(H3N2)) in 11 years period, we propose statistical models
which allow to analyze and predict the strain–specific immunity dynamics.

1 Introduction

Epidemic outbreaks of influenza, along with the corresponding increase in the incidence of
acute respiratory infections (ARI), cause 3-5 million cases of severe illness and 250-500 thou-
sand deaths annually, according to WHO estimates [1]. Effective planning of measures to
contain influenza epidemics requires forecasts of influenza dynamics over the season. In this
regard, the world’s health authorities started to use prognostic models of ARI and influenza
propagation, based on methods of statistical data processing and mathematical modeling,
which complement traditional epidemiological surveillance systems. The factors which in-
fluence the intensity and timing of seasonal epidemics and thus might be considered in the
models are temperature and humidity [2], [3], [4], contact patterns between the individuals
[5], [6], biological and antigenic properties of the pathogen [7], [8], and, last but not least, lev-
els of population immunity determined by vaccination coverage and the history of previous
influenza infections in the population [9]. In vast majority of works devoted to the model-
ing of influenza epidemics, the dynamics of the population immunity levels from season to
season is either added as an abstract parameter of the model, without its direct assessment
from serological studies, — sometimes due to the lack of the corresponding data, — or it is
not considered at all. Nevertheless, immunity plays a crucial role in case of repetitive sea-
sonal influenza epidemics (as opposed to the pandemic outbreaks where the immunity could
be considered negligible). In particular, due to the growing influence of collective immunity
on the dynamics of morbidity, the prognostic model of the spread of influenza in the USSR,
which was used in 1970s at the Research Institute of Influenza [10], showed a decline in the
accuracy of predictions and due to that reason was put out of service [11]. The calibration
of influenza dynamics models to contemporary Russian ARI data [12] confirmed that in case
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when ARI incidence is the only type of data used for the calibration procedure, the fore-
casting accuracy becomes low [13], [14]. Also, the population immunity level might not be
accurately assessed by such model calibration when it is treated as a free parameter [15]. This
issue badly affects the plausibility of predicted influenza dynamics. In these circumstances, it
seems important to incorporate additional sources of data related to immunity levels into the
predictive models.

Among the prognostic models that explicitly include the dynamics of collective immunity,
we can name the following ones.

• A model with an age structure designed to assess the real number of cases in London during
the 2009 influenza pandemic [16].

• A multicomponent model used to analyze the epidemics caused by the A(H1N1)pdm09
influenza strain in the UK in 2009–2011 [17].

• A stochastic model that reproduces the dynamics of influenza in certain regions of England
and Wales for 14 years [18].

• A SIRS model taking into account the age structure and differences of individuals in the
levels of acquired immunity, calibrated to data of the 2009 pandemic in Hong Kong [19].

Due to the fact that these models were calibrated to data sets gathered at specific locations
(and usually within a limited time frame), the conclusions obtained in the mentioned studies
cannot be fully generalized to influenza epidemics in other countries, in particular, in the
Russian Federation. Also, none of these works demonstrated a comparison of the dynamics
of the population immunity in different areas of the country under consideration.

The aim of the presented research is to develop an approach to modeling and forecasting
of collective immunity dynamics in urban populations based on the data obtained from bi-
ological samples. Our long–term goal is to build multicomponent prognostic models of the
spread of influenza epidemics taking into account the levels of the population immunity.

2 Data

The dataset we used to assess the immunity levels is based on serological studies performed
for 52 Russian cities and 2 virus strains (A(H1N1)pdm09, A(H3N2)) in 11 years period
(2009–2019). Each epidemic season (July to June) two serological samples were analyzed to
measure a pre–epidemic (October–November) and a post–epidemic (April–May) immunity
levels. The analysis was performed by the local healthcare facilities and verified by the
specialists of Research Institute of Influenza, the resulting datasets were stored in .xlsx tables.
In a number of results obtained from local healthcare units, incorrect data were identified and
excluded. The immunity dynamics to both regarded virus strains in all of the cities is shown
in Fig. 1.

Currently, most of the healthcare units do not report age–specific immunity, nor do they
distinguish the vaccinated individuals from the non-vaccinated ones when collecting the sam-
ples. We assume that there is a need for separate accounting of data for vaccinated and non–
vaccinated cohorts, since the antibody responses of these cohorts are determined by distinct
reasons and have statistically significant differences. It is supposed to verify this hypothesis
as the data on donors with known vaccination status are replenished (currently, the data is
only available starting from the 2017–2018 epidemic season).

As it can be seen from the gaps in the graph trajectories, the reporting rate of different
cities varies considerably. In some cases the amount of omitted data did not allow assessment
of the immunity dynamics, so the corresponding cities were excluded from further analysis.
There are 34 cities with the immunity data for both virus strains containing 10 points (i.e. 5
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Figure 1. Immunity dynamics to A(H1N1)pdm09 (top) and A(H3N2) (bottom). Each trajectory repre-
sents a particular city.

years of measurements) or more. Having added to our consideration less complete data for the
cities with the number of data points from 6 to 9, for further analysis we have A(H1N1)pdm09
strain immunity data for 38 cities and A(H3N2) strain immunity data for 39 cities.

3 Analyzing immunity dynamics

Based on the selected data, we analyzed the dynamics of collective immunity over the years
and highlighted significant factors affecting the levels of population immunity. It was revealed
that, depending on the dominant subtype of influenza viruses in the epidemic, fluctuations in
the level of collective immunity are observed in the pre– and post–epidemic periods. In
particular, in the post–epidemic period, there is an increase in the number of seropositive
donors to the subtype that is most intensively circulating during the epidemic. Also, the
preliminary analysis results in a hypothesis that the year of the onset of circulation of the
strain in question has a great influence on the change in population immunity levels. Indeed,
there is no city to demonstrate immunity levels close to 100% to A(H1N1)pdm09 in the first
years of observation (see Fig. 1, top). The immunity levels to A(H3N2) are much higher and
almost do not have a tendency to grow (see Fig. 1, bottom).

Next was the stage of constructing a model of the immunity dynamics. A review of math-
ematical methods suitable for modeling the dynamics of immunity was conducted. Three
approaches were considered as candidates: a mathematical model based on discrete differ-
ence equations, regression analysis, and a recurrent neural network. Guided by the results
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of the review, as well as the results of data analysis (in particular, by the estimated samples
size and by available knowledge from the field domain), we chose an approach to short–term
forecasting of levels of population immunity based on the regression analysis. A software
module was created for predicting the dynamics of population immunity using the retrospec-
tive data. For this purpose, we have chosen Python programming language, because it is
freely available and allows easy batch processing of data, unlike many GUI–oriented statisti-
cal software tools. The module was initially tested on average data on the levels of population
immunity in the Russian Federation to strains of A (H1N1)pdm09 and A (H3N2) for 2009–
2017 (two measurements each year) which were available from the open sources [9], [20]
(see Fig. 2). The prediction accuracy assessment was carried out by predicting the points
excluded from the test set (see Fig. 2, light–blue dots). The number of excluded points var-
ied. The module was searching for the best regression function, selecting it from the several
predefined functions (based on combinations of logarithmic functions, trigonometrical func-
tions and polynomial terms). The accuracy comparison was made based on the two output
characteristics: values of the coefficient of determination R2 demonstrated for all the points,
including the predicted ones, and the values of mean squared error (MSE) for the predicted
points. The first parameter is aimed at characterizing the ability of the selected model to
describe the whole dataset, whereas the second one demonstrates the predictive ability of the
model. The best result corresponds to the maximal R2 and minimal MSE.

Figure 2. The prediction of the average immunity levels for the population of Russia (four last points
in time series) using different regression models.

The obtained selection of functions to describe the dynamics of average all-Russian im-
munity levels to A(H1N1)pdm09 and A(H3N2) over time was verified against the data for
particular Russian cities, described in the section 2. The examples of the results are shown in
Fig. 3 and Table 1.

log deg.1 deg.2 deg.3
R2 0.63 0.35 0.48 -0,73
MSE 0.04 0.11 0.06 0.56

sin/cos deg.1 deg.2 deg.3
R2 0.35 0.27 0.34 0.14
MSE 0.06 0.02 0.001 0.11

Table 1. Fitting and predictive accuracy of different models for the immunity to A(H1N1)pdm09 in
Kursk (left table) and A(H3N2) in Vologda (right table). The optimal values are shown in bold.
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Table 1. Fitting and predictive accuracy of different models for the immunity to A(H1N1)pdm09 in
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Figure 3. The prediction of the immunity levels for the population of Russian cities (two last points in
time series) using different regression models, with data for Kursk and Vologda as an example.

4 Results and discussion

Based on the output, we conclude that the logarithmic function demonstrated better accuracy
for predicting immunity to A (H1N1) pdm09 among the tested regression models, being the
best by R2 value for 17 cities and by MSE value for 13 cities out of 38. The reason is in the
fast growth of immunity levels to this strain due to its seasonal circulation after the pandemic
outbreak in 2009. The selection of the best model is more difficult in case of A (H3N2). The
levels of immunity to A (H3N2) demonstrate fluctuations around the linear trend (close to the
horizontal line in some cities). These fluctuations are better captured by the periodic model, –
best fit by R2 for 17 cities out of 38, – but due to their irregular nature, the linear trend function
has much more predictive power (the lowest MSE for 22 cities). The achieved results are
consistent with the previously formulated hypothesis that the dynamics of immunity depends
on the year the strain began to circulate: strain A (H1N1) pdm09 began to circulate in 2009,
as a result of which the level of population immunity to it increases in time, while population
immunity to strains A (H3N2) should be more stable due to the circulation of viruses of this
subtype from the late 60s. It is known that epidemiologists observe that in the absence of
virus circulation in a population, immunity to it begins to decline, and its drop to a critical
level leads to an epidemic of influenza caused by this strain. For example, the work [21]
provides an estimate of this level at 0.5, i.e., 50% of the population should not have immunity
to the circulating strain. The indicated effect is not observed on the data set available to the
authors. In the future, it will be interesting to consider a sample with laboratory tests of
immunity for a longer period of time and to verify the mentioned observation quantitatively.

The obtained statistical models will be used to perform data imputation to assess the
immunity levels which were not reported by the healthcare units. Also the mentioned models
will be incorporated into the models of influenza dynamics to enhance their descriptive and
predictive force. For this case, it should be considered that the data on immunity levels we
regarded in this study are related solely to biological immunity, whereas the factor of the
indirect protection due to peculiarities of the contact patterns of the population cannot be
measured in such a way. This fact might result in underestimating of the real immunity level
when using the statistical data in the models. To take into the account the immunity connected
with indirect protection, spatially explicit models could be used which consider the contact
structure of the population [22].

5 Acknowledgments

The work was supported by Russian Foundation for Basic Research [grant number 18-37-
00428].

5

ITM Web of Conferences 31, 03001 (2020)	 https://doi.org/10.1051/itmconf/20203103001
Mathematical Modelling in Biomedicine 2019



References

[1] WHO, Influenza (seasonal). Fact sheet No. 211, March 2014., [online], http://www.
who.int/mediacentre/factsheets/fs211/en/

[2] A. Romanyukha, T. Sannikova, I. Drynov, Herald of the Russian Academy of Sciences
81, 31 (2011)

[3] S.P. van Noort, R. Águas, S. Ballesteros, M.G.M. Gomes, Journal of Theoretical Biol-
ogy 298, 131 (2012)

[4] V.N. Leonenko, S.V. Ivanov, Y.K. Novoselova, Procedia Computer Science 80, 2402
(2016)

[5] L.M. Bettencourt, Science 340, 1438 (2013)
[6] S. Kumar, K. Piper, D.D. Galloway, J.L. Hadler, J.J. Grefenstette, BMC public health

15, 947 (2015)
[7] J. Tamerius, M.I. Nelson, S.Z. Zhou, C. Viboud, M.A. Miller, W.J. Alonso, Environ-

mental health perspectives 119, 439 (2011)
[8] R. Yaari, G. Katriel, A. Huppert, J. Axelsen, L. Stone, Journal of The Royal Society

Interface 10, 20130298 (2013)
[9] O. Konshina, A. Sominina, E. Smorodintseva, K. Stolyarov, I. Nikonorov, Russian Jour-

nal of Infection and Immunity 7, 27 (2017), in Russian.
[10] Research Institute of Influenza website, [online], http://influenza.spb.ru/en/
[11] Y. Ivannikov, P. Ogarkov, Journal of Infectology 4, 101 (2012), In Russian.
[12] V.N. Leonenko, S.V. Ivanov, Russian Journal of Numerical Analysis and Mathematical

Modelling 31, 267 (2016)
[13] V.N. Leonenko, Y.K. Novoselova, K.M. Ong, Procedia Computer Science 101, 282

(2016)
[14] V.N. Leonenko, S.V. Ivanov, Mathematical Biosciences and Engineering 15, 209 (2018)
[15] V. Leonenko, G. Bobashev, Epidemics 29, 100358 (December 2019)
[16] P.J. Birrell, G. Ketsetzis, N.J. Gay, B.S. Cooper, A.M. Presanis, R.J. Harris, A. Charlett,

X.S. Zhang, P.J. White, R.G. Pebody et al., Proceedings of the National Academy of
Sciences 108, 18238 (2011)

[17] I. Dorigatti, S. Cauchemez, N.M. Ferguson, Proceedings of the National Academy of
Sciences 110, 13422 (2013)

[18] M. Baguelin, S. Flasche, A. Camacho, N. Demiris, E. Miller, W.J. Edmunds, PLoS
medicine 10, e1001527 (2013)

[19] H.Y. Yuan, M. Baguelin, K.O. Kwok, N. Arinaminpathy, E. van Leeuwen, S. Riley,
Epidemics 20, 84 (2017)

[20] M. of health of Russian Federation, Kharakteristika epidemii grippa sezona 2017-2018
gg. v rossiyskoy federatsii. [characteristics of the influenza epidemic season 2017-2018
in russian federation.] (2018), in Russian.

[21] L. Semenova, Epidemiologicheskiye osobennosti sovremennogo grippa i sovershenstvo-
vaniye taktiki vaktsinatsii naseleniya [epidemiological features of modern influenza and
improving the vaccination tactics of the population]. the dissertation for the degree of
candidate of medical sciences. (2012), in Russian.

[22] V. Leonenko, A. Lobachev, G. Bobashev, Spatial Modeling of Influenza Outbreaks in
Saint Petersburg Using Synthetic Populations, in International Conference on Compu-
tational Science (Springer, 2019), pp. 492–505

6

ITM Web of Conferences 31, 03001 (2020)	 https://doi.org/10.1051/itmconf/20203103001
Mathematical Modelling in Biomedicine 2019


