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A B S T R A C T

In this study, we addressed the ability of a minimalistic SEIR model to satisfactorily describe influenza outbreak
dynamics in Russian settings. For that purpose, we calibrated an age-specific influenza dynamics model to
Russian acute respiratory infection (ARI) incidence data over 2009–2016 and assessed the variability of pro-
portion of non-immune individuals in the population depending on the regarded city, the non-epidemic in-
dicence baseline, the contact structure considered and the used calibration method. The experiments demon-
strated the importance of distinguishing characteristics of different age groups, such as contact intensities and
background immunity levels. It was also found that the current model calibration process, which relies mostly on
ARI incidence, demonstrates notable variation of output parameter values. Employing additional sources of data,
such as strain-specific influenza incidence and external assessments on underreporting levels in different age
groups, might enhance the plausibility of parameter values obtained by model calibration, along with reducing
the assessment variation.

1. Introduction

Outbreaks of influenza, one of the oldest and most widely spread
human infectious diseases, result in 3 to 5 million cases of severe illness
annually worldwide, and the mortality rate is from 250,000 to 500,000
individuals per year (WHO, 2014). Influenza also causes an increase in
heart attacks and strokes (CDC, 2019) and other disease complications.
To effectively restrain influenza epidemics and reduce mortality at-
tributed to influenza complications, health care organsations analyze
influenza dynamic predictions obtained with the help of statistical and
mechanistic models (Ivannikov and Ismagulov, 1983; Cliff et al., 1986;
Marinich et al., 2005). To produce accurate predictions, many factors
should be taken into account, such as weather (He et al., 2013; Shaman
et al., 2010; Yaari et al., 2013), variation of virus strains (Truscott et al.,
2011), individual contact patterns, and background immunity levels
(Konshina et al., 2017).

High-quality incidence data are critical for efficient model calibra-
tion; however, few surveillance systems have collected sufficiently long
and high-quality time series. Researchers often have to rely on in-
complete incidence data reported by hospitals, pneumonia and influ-
enza mortality data, or social media data (Broniatowski et al., 2013).
Thus, corresponding research into influenza spread is often dedicated to
the following:

• Studies of pandemic flu outbreaks (e.g., 1918, 1956, 1968, bird flu
and swine flu). In the case of pandemics, the immunity is often
stated to be absent, whereas for seasonal influenza it is necessary to
consider broadly unknown existing immunity of individuals in the
population (Colizza et al., 2007; Cauchemez et al., 2008), which
requires laboratory studies or at least long-term data for the pre-
vious years to derive the proportion of the immune individuals.
• Studies of a purely theoretical outbreak without fitting the model to
data (Kumar et al., 2015).
• Studies of an influenza outbreak in some closed area, for instance, a
university campus, hospital, or small neighborhood (Nichol et al.,
2010). Attempts to perform a plausible simulation on a larger area
often face issues concerning the availability of epidemiological and
population data (Smieszek et al., 2011).
• Studies of sentinel surveilance systems (CDC reports) or indirect
measures such as social media searches and reports (for example,
“Flu Near You” (Flu Near You, 2019)).

A few influenza modeling studies, however, use long-term sentinel
data - collected in Israel (Maccabi health maintenance organization, es-
timated 24% of nationwide coverage) (Yaari et al., 2013), England and
Wales (Royal College of General Practitioners, coverage 1.7%) (Baguelin
et al., 2013), Belgium (Sentinel General Practitioners network,
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nationwide coverage 1.8%) (Goeyvaerts et al., 2015), France (“Senti-
nelles” General Practitioners network, nationwide coverage 2%)
(Cauchemez et al., 2008), Italy (INFLUNET General Practitioners net-
work, nationwide coverage 2.3%), and the United States (ILINet, Out-
patient Influenza-like Illness Surveillance Network, 2800 enrolled health
care providers) (Yamana et al., 2017). One issue with such incidence
data, in addition to limited coverage, is that they are available only as
aggregates for large territories, i.e. in a form of country-level incidences,
or, in the case of French and U.S. surveillance networks, incidences for
the states/provinces comprising several urban territories and rural areas.

The situation with incidence data collection is different in Russia
where for many years influenza has been a mandatory reportable dis-
ease. The availability of distinct long-term age-structured reports on
influenza-like diseases for Russian metropolitan areas gives an oppor-
tunity to calibrate and validate models on high-quality data. In Saint
Petersburg (formerly Leningrad) acute respiratory infection (ARI) in-
cidence has been collected since 1935, which gives one of the longest
known flu surveillance periods (Ivannikov and Ismagulov, 1983). In
1957, the all-USSR surveillance center was established, which even-
tually led to the possibility of predicting flu outbreaks in Soviet cities
with fairly high accuracy (Cliff et al., 1986). At the moment the sur-
veillance center, located in the Research Institute of Influenza in Saint
Petersburg (Research Institute of Influenza website, 2019), collects
weekly reports on cumulative ARI incidence in 49 Russian cities, which
gives nationwide coverage of about 35% (WHO, 2019a).

With all named advantages of Russian acute respiratory infection
long-term dataset, it also has some specifics which must be taken into
account when one wants to use it for the model calibration:

• Lack of separate registration of influenza-like illness (ILI) cases.
Since the symptoms of severe cases of ARI are very similar to those
of influenza, and the laboratory analysis is required to tell one dis-
ease from another, in most of the healthcare surveillance systems,
including the Russian one, the statistics on ARI and influenza in-
cidence is calculated cumulatively. However, in Western European
and US surveillance systems only influenza-like illness cases are
taken into account (cases of acute respiratory infection with mea-
sured fever of more than 38 C and cough with onset within the past
10 days, according to definition of WHO (WHO (2019b))), whereas
in Russian surveillance all ARI cases are taken into account. This fact
poses a problem of separating influenza outbreak incidence data
from seasonal ARI dynamics, especially if the former is preceeded by
fluctuations of ARI caused by seasonal factors.
• Under-reporting. Russian ARI surveillance system, like most of
such surveillance systems worldwide, collects incidence data based
on the reporting of medically-attended ARI, thus it does not include
asymptomatic cases and other infection cases which were not ac-
companied by a visit to healthcare facilities. The most represented
group in terms of reporting are children aged 0-2. The older is the
age group under consideration, the less cases of ARI are medically
attended and thus reported. Reporting of ARI among the adults is
strongly affected by various factors, e.g. their ability to take a paid
leave at work, thus, the corresponding disease reporting coefficient
is hard to be assessed. As a consequence, a disease dynamics model
fitted to the incidence in one age group may demonstrate incidence
for another age groups which dramatically contradicts the data.

In the current work, we perform simulation of influenza dynamics in
Russian cities using age-structured ARI data for model calibration. To the
authors’ knowledge, the regarded dataset was not used for simulation
purposes. The aim of the study was to assess the ability of minimalistic
SEIR models to satisfactorily describe influenza dynamics in Russian
settings and to provide assessment of background immunity levels in the
population, depending on geographical areas and age groups.
Specifically, due to the uncertainty in incidence data described above,
our objective was to account for its influence in the model output.

2. Materials and methods

2.1. Transmission model

The age-structured model was derived from the Baroyan-Rvachev
model (Baroyan et al., 1970; Leonenko et al., 2016b) by splitting the
population into l age groups. It is represented by a system of difference
equations, with the time step equal to one day. Following the notations
introduced in (Ivannikov and Ismagulov, 1983), let xt be a fraction of
susceptibles in the population, yt be a number of newly infected individuals
at moment t and yt – a cumulative number of infectious persons by time t.
Let N be a total population size which is considered constant during the
epidemic season. The proportion of population which is vulnerable to the
currently circulating flu virus strain is denoted by [0; 1], and the re-
maining population is considered immune to infection. Then, the system
of equations may be written in the following manner:
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The piecewise constant function g gives a proportion of infectious
individuals in a group of individuals infected days before the current
moment t. The function reflects the change of individual infectiousness
over time from the moment of acquiring influenza. We assume that
there exists some moment t̄ : t t̄ g 0= , which corresponds to the
moment of recovery. The values of g ( ) were set according to (Baroyan
et al., 1970): g g(0) (1) 0= = , g (2) 0.9= , g (3) 0.9= , g (4) 0.55= ,
g (5) 0.3= , g (6) 0.15= , g (7) 0.05= , g g(8) (9) 0= = …= .

Following the social contact hypothesis (Wallinga et al., 2006), we
assume that ij ij= , where is the virulence of a current flu strain
and ij is the daily number of contacts with people from age group j
reported by survey participants from age group i, where i j l, 1, . The
values ij constitute the contact matrix C C i j( , )= .

2.2. Data

2.2.1. Original data
The original dataset provided by Research Insititute of Influenza

contains weekly ARI incidence in 49 Russian cities for four age groups
(0–2, 3–6, 7–14, and 15+) in 1990–2016. In addition to incidence
numbers, the dataset contains markers for weeks which correspond to
the period of officially declared influenza epidemic. The weeks corre-
sponding to an influenza outbreaks are assessed in the Research
Institute of Influenza on the base of epidemic thesholds. A documented
method based on the t-test is used to caclulate epidemic thresholds for
each week relying on long-term average level for seasonal ARI
(Marinich et al., 2005).

For the purpose of our study, we used ARI incidence for two urban
areas: Omsk (about 1.2 million inhabitants) and Saint Petersburg (ap-
proximately 4.8 million). These cities are located in different climate
zones and have different patterns of transport flow (both for intercity
migration and urban commuting), which might affect disease dynamics.
We took a subset of ARI incidence data for 2009–2016, which corre-
sponds to the period of circulation of a pandemic A(H1N1)pdm09 flu
virus strain (Konshina et al., 2017). A(H1N1)pdm09 was not the only
strain circulating within Russia during those years; a number of infec-
tion cases were also caused by A(H3N2) (particularly in the 2011–2012
and 2014–2015 seasons) and B strains (for more details on circulating
strains see (Konshina et al., 2017)). Due to lack of strain-specific in-
cidence data, and following the ideas of another modeling studies, for
instance, (Goeyvaerts et al., 2015), in our model we consider that the
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regarded series of epidemic processes are caused by circulation of one
generic virus strain.

2.2.2. Day to week conversion
In the model, we consider the time step equal to one day; on the

other hand, ARI incidence data are collected on a weekly basis.
Whereas in the earlier studies (Leonenko et al., 2016a) we converted
weekly incidence data to a daily one using cubic interpolation, in the
current paper we sum daily incidences calculated by the model to de-
rive weekly data to match them with the original ARI incidence.

2.2.3. Epidemic curves extraction
As it was mentioned in the “Introduction” section, one of the tasks one

needs to accomplish when working with Russian ARI dataset is to extract
epidemic incidence from seasonal ARI data. The officially stated epidemic
periods are calculated implying rather high epidemic thresholds and thus
might include only a part the outbreak curve and omit some of the minor
outbreaks. In our method of epidemic curve extraction, we consider the
existence of a long-term baseline ARI level which makes it possible to
distinguish epidemic outbreaks from seasonal ARI incidence. Since we re-
gard incidence data for several years, we postulate that the average ARI
level does not depend on time and can be defined by some constant value a.
We also assume that all the ARI cases exceeding the baseline are attributed
to influenza, although ARI incidence is known to grow during influenza
outbreaks and contribute to the epidemic incidence (Romanyukha et al.,
2011). For each of the consequential ARI seasons (corresponding to a time
period from week 26 of a fixed year to week 25 of the following year) we
derive a single influenza epidemic incidence dataset.

2.3. Model calibration procedure

2.3.1. Optimization criterion
Let Zi

dat( ) be a set of incidence data points corresponding to one
particular outbreak in one regarded age group i, i 1,4. Let ti be
duration of the outbreak in an age group i in weeks and, correspond-
ingly, the number of incidence values available for model fitting. The
optimum criterion is defined as a squared difference between the in-
cidence values taken from data and the values calculated by the model:
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Here z k( )i

dat( ) and z k( )i
mod( ) are relative incidences on the k-th week

taken from the input dataset and derived from the model correspond-
ingly. Weights wk i, could be all set equal to 1 or changed to reflect the
varied impact of assessment quality for different incidence points, their
role will be described in detail in the “Simulation” section.

To match model time steps with actual weeks from the ARI in-
cidence dataset, we need to align the timelines, either by an outbreak
starting week (week 0 of the model is set to be equal to the first in-
cidence value in the regarded dataset) or by the week of a maximal
disease incidence (the week of the incidence peak in the model is
considered equal to the week of the incidence peak in the dataset). Both
methods have their advantages and disadvantages, their comparison for
Russian ARI data was described by the authors in (Leonenko and
Ivanov, 2018). In the current study, we used the alignment by peaks.
Since we regard four age groups and their disease peaks might not
coincide in time, we consequently choose a week of a model peak of
each of the four groups as an alignment point, obtain four values of
optimal parameter sets and finally select the best fit. In another words:

• For each age group i, i 1,4, (0–2, 3–6, 7–14, or 15+ years):
○ Assume that the model incidence curve for i-th age group has the
maximum in the same week that the incidence data curve.

○ Using the optimization procedure, find the best fit Fi
opt( ).

• The index j, which corresponds to the age group selected for peak
alighment, is selected to match minimal Fi

opt( ), i.e.
F F i 1, 4j

opt
i

opt( ) ( ) .

To characterise the obtained quality of fit, we use coefficient of
determination R 12 which is calculated from the value of Fj

opt( ) and
shows the percentage of the response variable variation that is ex-
plained by a model.

2.3.2. Calibration algorithm
To perform the optimization and to assess the model parameters, we

used the computational algorithms implemented as a collection of scripts
in Python programming language (Python 3.x with numpy and matplotlib
libraries was used). The procedure scipy.optimize.minimize (Seleznev and
Leonenko, 2017) with limited-memory BFGS optimization method (Liu
and Nocedal, 1989) was employed. The issue which may affect the result
of the optimization procedure according to criterion (3) is a possible
convergence of the algorithm to local minima, caused by erroneous
choice of initial values; hence, the parameter values that are found by the
algorithm might not be optimal (Leonenko and Ivanov, 2018). To avoid
this outcome, we incorporated simulated annealing optimization
(Kirkpatrick et al., 1983) into our algorithm. Simulated annealing per-
turbs parameters to avoid convergence to a local minima, and finds the
values of the optimized parameters that are close to the global minimum.
Those values are subsequently used as the initial values in the BFGS
method. The scheme of the resulting algorithm is demonstrated in Fig. 1.

3. Simulations

3.1. Simulation parameters

3.1.1. Model parameters
The aim of the simulations was to assess variability of parameter

values and errors in epidemic peak heights demonstrated by the model,
depending on the age group, regarded city, the choice of ARI baseline
and the contact structure of the population.

The parameter values used for the simulations are listed in Table 1.
Since we did not have any a priori knowledge to obtain preliminary
assessments of the ranges of model variables i and , we took rather
wide ranges for them, regarding two different ones (standard and ex-
tended) to see whether the selection of intervals influence the final
assessments of these parameters. The experiments demonstrated that
the upper bound for parameter values is rarely reached and in case of its
extension the subsequent changes of the resulting calibrated parameter
values are slight (see Appendix E).

3.1.2. Contact matrix
Defining effective contacts in the model (contacts which lead to

infection transmision), we followed a methodology introduced in the
POLYMOD study for Europe (Mossong et al., 2008), where “contact” is
a two-way conversation of at least five words in the physical presence of
another person. To estimate a contact matrix for our study, we used
age-structured data from (Ajelli and Litvinova, 2017) which contains
assessments of the daily number of contacts between groups of ages
0–4, 5–9, 10–15, …, 55+ for Tomsk, Russia (see Fig. 2). The details of
the matrix recalculation algorithm are described in Appendix A, the
resulting matrix used in the simulations is

C
0.14 0.42 0.51 3.61
0.3 2.56 3.77 4.89
0.33 2.46 11.88 8.02
0.06 0.12 0.38 4.66

=

(4)

In one set of simulations, we used the contact matrix (4) (corre-
sponds to heterogeneous mixing of the population). In another one, we
assumed that the number of contacts for any two given age groups is the
same and equal to the average contact number in the population
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(corresponds to homogeneous mixing). Based on data from (3), the
average contact intensity was set to 6.528.

3.1.3. Baseline variation
To assess the impact of baseline selection on the model calibration,

we performed simulations with a number of different values of a, the
long-term ARI baseline level. As an initial guess, for each age group we
set a equal to average ARI incidence in that group during the regarded
time period. For testing, we formed a baseline range by multiplying the
average ARI incidence by a set of constants from 0.5 to 1.5 (+/-50%)
with a step equal to 0.1. Thus, the tested incidence levels were within the
interval [0.5a, 1.5a] (a blue stripe in Fig. 3). In addition to the mentioned
range of ARI levels, we regarded a standard ARI baseline level for Re-
search Institute of Influenza. This level is calculated as an average in-
cidence of non-epidemic ARI during an epidemic season (week 40 of the
regarded year to week 20 of the next year, corresponds to time from early
autumn to late spring). Depending on city, year and age group, non-
epidemic ARI level corresponds to 1.08a…1.2a (see Table 2).

3.1.4. Procedure for forming the calibration dataset
As it can be seen from Fig. 3 (red lines), not all the points that

visually belong to the epidemic wave are marked as epidemic incidence
points. Morover, in some age groups an influenza outbreak might not
exceed the epidemic threshold because of low corresponding incidence
(for instance, it was commonplace for A(H3N2) epidemic in
2011–2012). To be able to perform model calibration to data with few
marked points, we implemented adding incidence points before and
after the marked ones to the calibration data. Therefore, the epidemic
incidence dataset is formed in the following way:

• For the current season, city, and age group, the dataset includes all
the incidence values with epidemic marks, plus incidence values
before and after the officially declared epidemic (by default, 1= ).
• If there was no officially declared epidemic during the regarded

season, the dataset includes incidence values corresponding to time
moments tp , t ( 1)p , …, tp, …, tp + , where tp is the mo-
ment of ARI incidence peak (the maximum value).
• From each value of the dataset we subtract the assessed baseline ARI
level y, thus obtaining the influenza incidence values.

An example of the calibration data for the baseline ARI level y = a
(average long-term all-year ARI incidence) is presented in Fig. 4.

For comparison purposes, we also prepared calibration data with 1> .
Resulting from several launches of the calibration algorithm with various
, 5= was chosen. To compensate for addition of non-epidemic
points, which in some cases might not reflect the real outbreak incidence,
and enhance the importance of data points which are closer to the in-
cidence peak, we employed non-constant weights wk i, in the optimization
formula (4). The corresponding formula that we used for weight calcu-
lation is w d( ) ,k i

d
, = where d is the distance of the current data point

from the peak in time units (weeks), 1> regulates the rate of decreasing
the “importance” of incidence points for the fitting procedure. In the same
fashion, as it was made for the selection of , we ran several preliminary
simulations and ultimately have chosen 1.3= as a value which gives an
“optimal” decrease of wk i, over the distance to incidence peak. The type of
calibration procedure with 5= and 1.3= is later referred to as "en-
hanced calibration", opposed to a "standard" one with 1= and 1= (in
the latter case, all incidence points are equal in importance).

3.2. Simulation results

3.2.1. Influence of baseline selection and calibration method on calibration
quality

The first series of simulations was performed to assess the role of
baseline selection on model fit to incidence data and, consequently, to
find the most plausible values of ARI threshold that separates influenza
outbreak incidence from seasonal ARI. For that purpose, we used sev-
eral indicators.

In Fig. 5, we demonstrate the distribution of ARI baseline level
multipliers which corresponded to model curves with the highest
coefficient of determination R2. As it might be seen, the best fit is
achieved for baseline levels within [a, 1.5a] for both calibration
methods.

Another indicator used to assess the best ARI baseline level was the
number of incidence curves for four age groups that was fitted to cor-
responding outbreak data with satisfactory accuracy. By “satisfactory

Fig. 1. A scheme of the calibration algorithm.

Table 1
Model parameters.

Definition Description Values

i Proportion of susceptible individuals in
the population

Standard range:
[0.001; 0.8]
Extended range:
[0.001; 1.0]

Virulence of current flu strain Standard range:
[0. 001; 10.0]
Extended range:
[0.001; 12.0]

ij Daily number of contacts between the
age groups i and j

Fixed (see below)

Fig. 2. Age-specific daily contact rates obtained for Tomsk, Russia (Ajelli and
Litvinova, 2017).
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accuracy” we imply the positive value of coefficient of determination,
i.e. R2> 0, which means that the fitted curve describes the sample
better than the mean of this sample. In the ideal case, the number of
fitted curves should be 4, which corresponds to all regarded age groups.
It might be seen from Fig. 6 that the average number of fitted curves in
one outbreak grows with the growth of the multiplier, i.e. the fit quality
increases. The biggest number of fitted curves is achieved for the
baseline multipliers bigger than 1.0. Since the non-epidemic seasonal
ARI baseline level has multipier values bigger than 1.0 (see Table 2),
this level also demonstrates high number of fitted curves (see dashed
horizontal lines in Fig. 6). Also, enhanced calibration (Fig. 6, lower)
demonstrates better calibration results (more fitted curves in average)
than the standard calibration (Fig. 6, upper). This result is justified by
the dynamics of absolute error in peak height between the model and
the data (Fig. 7), with the exception of the multiplier value equal to 1.3.

The results demonstrated in Figs. 5–7 might be interpreted in the
following way. The ARI baseline level, which is optimal in terms of best
model fitting, should correspond to or slightly exceed the all-year
average ARI incidence. (It is worth noting that using the multiplier
values bigger than 1.3..1.4 will place an ARI baseline higher than
marked epidemic incidence (see Appendix B) which is not plausible.)
Also, the employment of the enhanced calibration algorithm ( 5= ,

1.3= ) results in better model fitting compared to a standard one.
Since it is showed that an average non-epidemic ARI incidence from

week 40 to week 20, which is used as a baseline level in Research
Institute of Influenza, corresponds to the multiplier values close to
optimal, this incidence level will be used as a default baseline in the
latter experiments, if not stated otherwise.

3.2.2. Calibration quality and proportion of susceptibles for different mixing
assumptions

The second series of simulations were conducted to investigate the
role of contact structure on the quality of model fit to data and the
values of assessed model variables. We compared the homogeneous
contact case (the contact intensities of individuals does not depend on
their age groups) and heterogeneous case (contact matrix (4) is used).
The corresponding fitted model curves are presented in Appendix C.

As it is shown in Fig. 8, the order of peak estimation error is merely
influenced by variation of geographical location (Saint Petersburg and
Omsk) and the chosen mixing assumption (homogeneous or hetero-
geneous). We can conclude that absence of a priori constraints on

parameter values, along with scarcity of data (since the interval as-
sessment is based on a sample of 14 points), may result in variability of
the model output and thus put into doubt the necessity of accurate
assessment of contact rates. This conclusion is consistent with the re-
sults presented in (Rahmandad and Sterman, 2008), where it was
shown that variability in the model output because of parameter un-
certainty may diminish the value of highly detailed models.

In both homogeneous and heterogeneous mixing cases, error values
for the age group 15+ are predominantly positive (peak overestimation),
whereas for the other groups they are mostly negative (peak under-
estimation). This effect might be explained by a number of factors in-
cluding misspecification of the contact matrix and possible under-
reporting of flu incidence in the group of adults. Because adults often
avoid visiting healthcare facilities when they have the flu, whereas
children visit a physician more often in the same circumstances, the in-
cidence registration of the latter could be considered more accurate. By
calibrating the model solely to child incidence rates (i.e., excluding the
incidence dynamics of age group 15+ from optimization criterion (3))
we may assess the prospected real incidence for adults – see Appendix D.

The assessments for , the initial proportion of susceptibles, are
demonstrated in Fig. 9. One can see that in case of homogeneous mixing
for age group 0–2, the majority of values of is shifted toward lower
values (0.1 to 0.25), which does not seem plausible because it contra-
dicts the generally weak flu immunity observed in small children
compared to adults (Karpova et al., 2014). In case of heterogeneous
mixing, the average value of for individuals up to 2 years old are
higher than those for other age groups, which seems closer to the data

Fig. 3. Assessment of baseline ARI incidence level for Omsk, age group 15+.

Table 2
Correspondence of seasonal non-epidemic ARI levels to all-year ARI levels.

Age group, city St. Petersburg Omsk

0–2 1.2 1.09
3–6 1.18 1.11
7–14 1.17 1.11
15+ 1.08 1.05

Fig. 4. Incidence values for model calibration, Omsk, age group 15+, epidemic
season of 2010-2011. Blue dots correspond to ARI incidence data for a season
under study, red crosses are marks of epidemic outbreaks registered by
Research Institute of Influenza, green dots mark the choice of input for the
calibration algorithm. (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article).
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obtained by laboratory studies.
The obtained results allow us to derive an assessment for 1 ,

which corresponds to the proportion of population protected from in-
fection. It is interesting to see that although the proportion of protected
15+ population is high in both cities, varying from 0.89 to 0.99, it does
not prevent the epidemic in that age group. This situation might be
explained by the fact that there is still a sufficient reservoir of

susceptible adults in both cities, despite the high level of immunity,
because of the big population in both citites (the resulting number of
15+ susceptibles has an order of magnitude around 104 for Omsk and
105 for Saint Petersburg). Also, it’s clear that the infection is also
brought to the 15+ group due to contacts with individuals from an-
other age groups with lower immunity levels.

Fig. 5. Distribution of the multipliers corresponding to the best fitted curves for the selected city, year and age group.

Fig. 6. Average number of fitted curves for 4 age groups in one outbreak calibration. Dashed lines correspond to the value for a non-epidemic ARI level.
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4. Discussion

In this paper, we fitted an age-dependent compartmental SEIR model to
ARI incidence data in Russian cities. The results of the model calibration
demonstrate the importance of distinguishing the characteristics of different
age groups, such as their contact intensities and background immunity le-
vels i. At the same time, the model calibration based on solely one type of
data allows the existence of multiple combinations of parameters corre-
sponding to equal values of optimization function in Eq. (4), which results in
notable variation of output parameter values (see Fig. 9). We encountered
the same problem while fitting the homogeneous model in application to
aggregated Russian ARI incidence data (Leonenko and Ivanov, 2016). To

decrease the variance of i and , the free parameters of the current model,
it is crucial to employ additional sources of data. Employing external as-
sessments on underreporting levels in different age groups might contribute
to fitting accuracy of the model and help correct the parameter assessment.

It seems that the regarded ARI data do not correspond perfectly to the
ARI dynamics demonstrared by an age-structured SEIR model, as it tends
to underestimate incidence peaks for the age groups related to children
and overestimate them in case of the group 15+. The reasons of that may
lie in under-estimation of adult incidence in ARI data or in the peculia-
rities of the contact structure which were not captured well enough by the
used contact matrix. Additional studies are required to address this dis-
crepancy between the observed and modeled peak heights.

Fig. 7. Average absolute error in peak height between the model and the data. Dashed lines correspond to the value for a non-epidemic ARI level.

Fig. 8. Peak height assessment error, 2009–2016. Triangles depict the mean values of the samples, red lines are the medians. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article).
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Another limitation of this study is the fact that we do not distinguish
the epidemics caused by A(H1N1)pdm09 and A(H3N2) strains. We plan
to overcome this drawback in the future studies by using strain-specific
laboratory data.

The important problem which was posed by the current research is
the variability of model parameters for the age groups 0–2, 3–6, and
7–14 (i.e., the proportions of unprotected population i in these age
groups). To help reduce the variation of i and thus potentially enhance
the descriptive and predictive force of the model, a mechanistic sub-
model of background immunity dynamics might be created, taking as an
input the past long-term influenza incidence data along with the to-
pology of contact networks in particular urban settings (Bansal et al.,
2010). However, this task is not easy to tackle because of lack of cor-
responding data and large uncertainties in parameter input. Even the
detection of differences in influenza dynamics, which can be attributed
to properties of urban areas, is a hard task that requires separate studies.

One of the possible ways to address the subtle properties of the in-
fluenza propagation process, which are not revealed by the aggregated
models, is to employ an agent-based modeling technique regarding the
epidemic outbreaks on synthetic populations constructed using explicit

geographic and demographic data (Leonenko et al., 2019). This approach
has already demonstrated its ability to account for the topology of human
interaction networks in describing the dynamics of various diseases
(Kumar et al., 2015; Geard et al., 2015) and thus may be fruitful in ap-
plication to Russian flu incidence and demographic data. Such an ap-
proach could be also used to assess the disease incidence in Russian rural
areas, which by now are mostly not covered by the surveillance centers.
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Appendix A. Contact matrix calculation

The aim of the procedures described below was to find a contact matrix for the age groups used in Russian ARI incidence reports, i.e. 0–2, 3–6,
7–14, and 15+. The calculations were based on a contact matrix with daily number of contacts between groups of ages 0–4, 5–9, 10–15, …, 55+ for
Tomsk, Russia (Ajelli and Litvinova, 2017).

Let C a a( , )k l p q, , be the daily number of contacts with individuals of ages a a a[ , ]y p q that was reported by individuals of ages a a a[ , ]x k l . Due to
absense of contact data for separate ages, we assume that for any given age within a regarded age group the number of contacts is the same, i.e. for
any a a a[ , ]x k l

C a a C a a( , ) ( , )x p q k l p q, , ,= (a1)

Based on this assumption and the demographic data on the absolute number of individuals in different age groups, we can calculate the overall
number of contacts in the population, initially between the age groups, Q a a( , )k l p q, , , and then between the separate ages, Q a a( , ).x y This number of
contacts is later summed for the new age groups and recalculated back to the average number of contacts per person in the new age groups.

The matrix calculation algorithm has the following structure.

• Calculate the overall number of contacts in the population between the age groups according to the formula Q a a C a a a( , ) ( , ) S( ),k l p q k l p q k l, , , , ,=
where aS( )k l, is the absolute number of individuals in an age group ak l, .
• Based on (a1), calculate the overall number of contacts in the population between the ages a a a a a a[ , ], [ , ]x k l y p q , according to the formula

Q a a Q a a( , ) ( , )x y k l p q
a a

a a, ,
S( )S( )

S( )S( )
x y

k l p q, ,
= , where aS( )x is the absolute number of individuals of age ax .

• Calculate the overall number of contacts between the new age groups: Q a a Q a a( , ) ( , )m n u x m
n

y u
v

x y, ,v = = = .

• Find the contact matrix for the new age groups by calculating the average number of contacts between them: C a a( , )m u v
Q a a

S a,n ,
( , )

( )
m n u

m n
, ,v

,
= .

Ideally, separate contact matrices should be calculated for every city under consideration, however, due to absence of detailed demographic data
we used the same matrix for both Saint Petersburg and Omsk, with aS( )x and aS( )k l, derived from 2017 data of Office of the Federal State Statistics
Service of St. Petersburg and Leningrad region (Petrostat) (Petrostat, 2017). In the future, we plan to use contact matrices for a number of Russian
cities assessed directly from the population-based surveys, which are under preparation by the research group of Ajelli et al.

Fig. 9. Variations in proportion of susceptibles for homogeneous and heterogeneous contact patterns, 2009–2016.
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Appendix B. ARI baseline assessment

Fig. B1

Fig. B1. ARI baseline assessment.
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Fig. B1. (continued)
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Appendix C. Model calibration results for the non-epidemic baseline

Fig. C1

Fig. C1. Model fit for different cities and age groups.
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Fig. C1. (continued)
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Appendix D. Under-reporting estimation

The recurring peak height overestimation for the age group 15+ demonstrated by the model (Section 2, Fig. 8) brought us to the idea that the
cause is the underreporting of ARI cases among the adults. Relying on this assumption, we assessed the prospected real incidence for adults by
excluding the ARI data for 15+ from the optimization criterion (3). The error distribution for the ARI incidence peak in the remaining three age
groups is shown in Fig. D1 , left. The adult underreporting assessed with this naïve approach is demonstrated in Fig. D1, right. The corresponding
confidence intervals are very wide, so it seems necessary to increase the number of calibrated outbreaks for the regarded cities to make more
plausible assessments of under-reporting.

Appendix E. Influence of initial parameter range on calibrated parameter values

Fig. E1
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