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Abstract
Introduction. The study focuses on methods providing mathematical substantiation of discrepancies between 
actual incidence rates of Astrakhan rickettsial fever (ARF) and Crimean-Congo hemorrhagic fever (CCHF) and 
predicted rates due to the indirect impact of weather conditions during the current epidemic season.
The purpose of the study was to develop explanatory models for ARF and CCHF incidence using satellite 
monitoring (remote sensing) data and to present the results of their practical evaluation in the Stavropol Territory 
and Astrakhan Region.
Materials and methods. The materials included climate data provided by the Space Research Institute of the 
Russian Academy of Sciences as well as epidemiological data on CCHF and ARF incidence from 2005 to 2021. 
The explanatory models incorporated the Bayes theorem and Wald sequential analysis. All the calculations were 
completed using the Microsoft Excel 2010-based program developed by the authors.
Results. It has been found that the greatest indirect effect on development of the CCHF epidemiological situation 
is produced by the normalized difference vegetation index and relative air humidity in June-July in the Stavropol 
Territory and by the maximum, minimum and average air temperature in October as well as the minimum air 
temperature in July in the Astrakhan Region. ARF incidence rates depend on the indirect effect of the annual 
average and average annual maximum temperature, maximum temperature and the normalized difference 
vegetation index in April-July. The match between explanatory model-based results and prediction model-based 
results ranged within 46.2-100%.
Discussion. In addition to projecting incidence rates, which could be reached with the observed values of climatic 
factors in the current year, the explanatory models can be used for indirect verification of prediction models and 
for identification of factors causing differences in results. 
Conclusion. The practical evaluation of explanatory models confirms the prospects and benefits of the study that 
should be continued, involving other regions highly endemic for tick-borne infections.
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Аннотация
Введение. Работа посвящена разработке методик для математического обоснования причин несоответ-
ствий фактических показателей заболеваемости Астраханской риккетсиозной (АРЛ) и Крымской-Конго ге-
моррагической лихорадками (ККГЛ) результатам эпидемиологического прогноза, обусловленных опосре-
дованным влиянием погодных условий текущего эпидемического сезона.
Цель исследования — разработать с использованием данных спутникового мониторинга (дистанционного 
зондирования Земли из космоса) «объясняющие» модели заболеваемости АРЛ и ККГЛ и представить ре-
зультаты их апробации на примере Ставропольского края и Астраханской области.
Материалы и методы. Материалами послужили климатические данные, полученные из Института косми-
ческих исследований РАН, а также эпидемиологические сведения по заболеваемости ККГЛ и АРЛ с 2005 
по 2021 г. «Объясняющие» модели были разработаны на основе теоремы Байеса и последовательного 
статистического анализа Вальда. Все расчёты были выполнены в созданной авторами программе на ос-
нове «Microsoft Exсel 2010».
Результаты. Установлено, что наибольшее опосредованное влияние на развитие эпидемиологической 
ситуации по ККГЛ в Ставропольском крае оказывают нормализованный относительный вегетационный 
индекс и относительная влажность воздуха в июне–июле, в Астраханской области показатели максималь-
ной, минимальной и средней температуры воздуха в октябре, а также минимальной температуры воздуха 
в июле. Уровень заболеваемости АРЛ зависит от опосредованного действия среднегодовой и максималь-
ной среднегодовой температуры воздуха, максимальной температуры воздуха и нормализованного отно-
сительного вегетационного индекса в апреле–июле. Совпадение результатов «объясняющих» моделей  
с аналогичными данными расчётов «прогнозных» моделей составило 46,2–100%.
Обсуждение. Предлагаемые «объясняющие» модели наряду с определением уровня заболеваемости, 
который мог бы быть достигнут при наблюдаемых значениях климатических факторов нынешнего года, 
позволяют проводить косвенную проверку «прогнозных» моделей с выявлением причин несоответствия 
результатов. 
Заключение. Апробация «объясняющих» моделей свидетельствует о перспективности и целесообразно-
сти продолжения исследования на примере других, высокоэндемичных по клещевым инфекциям субъек-
тов.

Ключевые слова: Астраханская риккетсиозная лихорадка, Крымская-Конго геморрагическая лихорад-
ка, объясняющие модели, заболеваемость, дистанционное зондирование Земли 
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Introduction
Forecasting of dynamics and incidence rates of 

tick-borne transmissible infections (TBTI) is an import-
ant component of the epidemiological surveillance over 
these dangerous natural-focal diseases endemic in Rus-
sia. Multiple studies address epidemiological forecasts 
for such TBTI diseases as tick-borne viral encephalitis, 
Astrakhan rickettsial fever (ARF), tick-borne borreliosis 
and Crimean-Congo hemorrhagic fever (CCHF) [1–10]. 

Prediction data for an epidemiological situation 
play a significant role in planning of preventive (includ-
ing acaricide treatment) measures; the prediction accura-
cy is essential not only for justification of their scientific 
and economic viability, but also for application of a dif-
ferentiated approach in planning. Therefore, when signif-
icant differences are observed between the predicted and 
reported intensity levels of the epidemic process, the fac-
tors causing them should be explored thoroughly. Such 
differences can be caused not only by shortcomings of 
the existing methods that need to be upgraded, but also by 
external indirect effects produced by weather conditions 
in the current year on the activity of arthropods trans-
mitting TBTI, which cannot be predicted when preparing 
short-range (for the coming year), let alone medium and 
long-range forecasts. It is known that an epidemic season 
can start early or late, depending on the spring daytime 
and nighttime temperature that must be +9ºC and at least 
+2ºC, respectively, so that dormant species Hyalomma 
marginatum (the main transmitters of the CCHF patho-
gen) become active and start feeding on farm animals, 
while their parasitizing activity reaches peak levels at the 
monthly average temperature of +16.9ºC [11–13]. 

The significant indirect effect produced by climat-
ic factors on the CCHF dynamics and incidence rates 
during the year is confirmed by multiple studies in oth-
er countries. For example, in Southeastern Iran, scien-
tists, using logistic regression, found a significant rela-
tionship between the number of CCHF cases and the 
monthly average temperature (the direct relationship 
with a two-month lag and the inverse relationship with 
a five-month lag), monthly maximum relative humid-
ity and accumulated precipitation with a two-month 
lag and a five-month lag, respectively [14]. The study 
based on the Poisson regression analysis and the Mc-
Fadden pseudo R-squared demonstrated that in East-
ern Iran the number of cases highly correlated with 
maximum temperature (during the previous month) 
and relative air humidity (during the previous month 
and half a year) levels [15]. In addition, using logistic 
regression, Iranian scientists have found that when the 
maximum temperature during 3 previous months in-
creases by 1ºC and relative humidity during 2 previous 
months increases by 1%, the risk of disease case occur-
rence increases by 9% and 4%, respectively [16]. 

The one-way analysis of variance (ANOVA), 
which was performed in Bulgaria, demonstrates that 
the one-unit increase in the average air temperature and 

the normalized difference vegetation index (NDVI) re-
sults in a 5.5% increase in the intensity of the CCHF 
epidemic process [17]. In the meantime, no extensive 
studies addressing the development of methods that 
would identify and explain, using mathematical statis-
tics, cause-and-effect relationships between prediction 
results for CCHF and ARF incidence, actual data and 
the impact of climatic factors in the current year have 
been conducted so far. 

The purpose of the study was to develop explan-
atory models for ARF and CCHF incidence and to pre-
sent the results of their practical evaluation in the Stav-
ropol Territory and Astrakhan Region.

Materials and methods
This comprehensive study is a continuation of the 

previous study involving the development of prediction 
models. ARF and CCHF have been selected as target 
diseases representing the most common TBTIs in the 
south of Russia. The Stavropol Territory and Astrakhan 
Region were selected due to high intensity of epidemic 
processes in terms of these infections. 

The study was conducted using epidemiological 
and statistical research methods. The retrospective ep-
idemiological analysis was conducted using the data 
from databases1 for ARF and CCHF incidence, which 
were developed within the RSF project (No. 19-75-
20088). The relative rates of CCHF and ARF incidence 
(per 100,000 population) for each administrative dis-
trict in the selected regions were estimated using data 
from the Federal Statistics Service2 for each year of the 
studied period. Hydro-meteorological data3 (indepen-
dent variables) were represented by numeric values of 
13 climatic factors, which were obtained using remote 
sensing satellites (for each month of the studied period 
and annual average):

• air temperature — average, maximum and 
minimum (ºC);

• soil temperature at depths of 10 and 40 cm (ºC);
• soil moisture content at depths of 10 and 40 cm 

(%);
• snow depth (m);
• area covered by snow (%);
• pressure (Pa);
• relative air humidity (%);
• precipitation (kg/m2);
• NDVI (relative units).
Thus, a total of 169 parameters were used as initial 

data that were further screened and downsized to the 
most important (informative) parameters.

The explanatory models were developed using 
nonparametric statistics — Bayes theorem and Wald 

1 Information from the cards of the epidemiological examination of 
the focus of an infectious disease (form No. 357/y).

2 URL: https://rosstat.gov.ru; https://stavstat.gks.ru
3 VEGA-Science TsKP "IKI-monitoring". URL: http://sci-vega.ru/

https://rosstat.gov.ru/folder/12781
https://stavstat.gks.ru/folder/28386
http://sci-vega.ru/
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analysis; the informativeness coefficients for factors 
were calculated using the Kullback method [18–20].  
A factor was seen as informative and was used for 
further calculations, if its informativeness value  
was > 0.5.

Informativeness and prediction coefficients were 
calculated automatically using the Microsoft Ex-
cel 2010-based program developed by the authors 
during their previous studies (for prediction models)  
[10, 21, 22]. 

Mathematical calculations for explanatory mo-
dels were performed similarly to the calculations for 
prediction models; the variables of climatic factors for 
the previous years were replaced with numeric values 
for the current epidemic season [21]. The step-by-step 
algorithm for calculating explanatory models is shown 
in Figure.

Calculation of informativeness coefficients and prediction 
coefficients of factors in the program

⇩
Compilation of an optimized list of factors (with values  

of the informativeness coefficient ≥ 0.5 in descending order)

⇩
Estimation of the occurrence (absence) of at least  

one disease case per 100,000 population

⇩
Estimation of incidence per 100,000 population relative  

to the threshold level of the median

⇩
Estimation of incidence per 100,000 population relative  

to the threshold level of the average

⇩
Estimation of incidence per 100,000 population relative  

to the threshold level of the third quartile

Algorithm for calculating explanatory models.

The threshold level of the probability of positive 
solution for explanatory models for CCHF incidence 
dynamics for the Stavropol Territory and Astrakhan 
Region was set at 99.0% (the error probability was 
1.0%). At this stage of the study, the threshold for ARF 
was 90% (at the error probability of 10%), which can 
be explained by a low proportion of informative pa-
rameters from the list. In future, when new additional 
variables (such as accumulated values of climatic da-
ta) are used, the percentage of error probability can be 
reduced. 

The calculations were made by summing up the 
values of prediction coefficients of the informative fac-
tors in accordance with their values for each admini-
strative district until the numeric value of +20 or –20 

was received for CCHF models and +9 or –9 for ARF 
models to indicate the occurrence/absence of at least 1 
disease case per 100,000 population with a probability 
of 99% and 90%, respectively. Then, when the districts 
with positive results were identified, the prediction for 
them was made against other selected threshold levels 
of incidence. 

The median, average and third quartile values for 
models for CCHF incidence dynamics for the Stavropol 
Territory were 0.9, 3.5 and 4.7; 0.5, 1 and 2 for the As-
trakhan Region; and for the model for ARF incidence 
dynamics in the Astrakhan Region — 25, 39.5 and 62.4, 
respectively.

The calculations for explanatory models for CCHF 
incidence dynamics for the Stavropol Territory were 
based on retrospective data for 2005–2019, for CCHF 
and ARF in the Astrakhan Region - for 2013-2019. 

The pilot testing of the performance of the models 
was conducted using retrospective data for 2018-2020; 
the evaluation was performed using data for 2021. 

Results and discussion
The explanatory models were developed, address-

ing the following tasks:
1) assessment of the indirect relationship between 

the weather conditions during the current epidemic sea-
son and the intensity of the CCHF and ARF epidemic 
process, using informativeness coefficients;

2) estimation of the incidence rate that could 
be reached at the observed values of climatic factors 
during the current year (exclusive of the impact of the 
hydro-meteorological data of the previous year) and its 
subsequent comparison with the actual rates;

3) indirect verification of prediction models for 
CCHF and ARF incidence to identify the factors caus-
ing erroneous results or, on the opposite, to confirm the 
accuracy of the performance of the above models.

During the assessment stage it was found that 
the climatic factors that were critical for development 
of explanatory models for different regions differed 
significantly. Based on the calculated coefficients of 
informativeness, the most informative factors for the 
Stavropol Territory were NDVI and relative air hu-
midity in June–July, demonstrating complete consis-
tency with the published data [23–27]. For the CCHF 
model in the Astrakhan Region, the highest values 
of informativeness coefficients were received for the 
maximum, minimum and average air temperature in 
October as well as for the minimum air temperature in 
July, thus also showing no discrepancy with the pub-
lished data on the impact of weather conditions on tick 
activity [25–28]. Meanwhile, such differences are ex-
pected and can be explained by significant differences 
in landscape, climatic, hydrological and other con-
ditions in the Stavropol Territory and Astrakhan Re-
gion, which have a significant effect on the epizooto-
logical and epidemiological CCHF situation [29–31]. 
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The most informative parameters for the explanatory 
model for ARF incidence dynamics in the Astrakhan 
Region were the annual average and average annual 
maximum temperature, maximum air temperature and 
NDVI in April–July, which is also consistent with the 
published data [25, 28]. 

The accuracy of explanatory models was verified 
by comparison of the calculated data with the reported 
incidence rates for each administrative district.

As with prediction models, the model-based erro-
neous predictions were divided into 4 categories [21]:

• false-positive — the result of the explanatory 
model for the first stage is positive; however, no 
disease cases have been reported; 

• false-negative — the result for the first stage 
is negative; however, disease cases (at least 1) 
have been reported;

• overestimated — the actual incidence rate is 
lower than the estimated rate at the set threshold 
level; 

• underestimated — the actual incidence rate is 
higher than the estimated rate at the set threshold 
level.

The results of testing and evaluation of explanato-
ry models are presented in Tables 1–3.

Thus, the accuracy of the obtained results com-
pared to the actual data for explanatory models for 
CCHF incidence dynamics in the Stavropol Territo-
ry ranged from 30.8% (8 districts) in 2020 to 61.5% 
(16 districts) in 2021; in the Astrakhan Region — from 
16.7% (2 districts) in 2020 to 100% (12 districts) in 
2021. The verification of ARF models showed that the 
accuracy of results ranged from 25% in 2020 (3 dis-
tricts) to 75% (9 districts) in 2018. However, if like with 

Table 1. Testing results for the explanatory model for CCHF incidence dynamics for 2018–2020 (retrospectively)  
and evaluation results in 2021 (the Stavropol Territory)

Result

Years

2018 2019 2020 2021

number of districts % number of districts % number of districts % number of districts %

Correct 10 38.5 13 50.0 8 30.8 16 61.5

False positive 8 30.8 7 26.9 13 50.0 5 19.2

False negative – – 2 7.7 1 3.8 2 7.7

Overestimated 8 30.8 4 15.4 4 15.4 3 11.5

Table 2. Testing results for the explanatory model for CCHF incidence dynamics for 2018–2020 (retrospectively)  
and evaluation results in 2021 (the Astrakhan Region)

Result

Years

2018 2019 2020 2021

number of districts % number of districts % number of districts % number of districts %

Correct 5 41.7 7 58.3 2 16.7 12 100.0

False positive 5 41.7 4 33.3 10 83.3 – –

False negative – – – – – – – –

Overestimated 2 16.7 1 8.3 – – – –

Table 3. Testing results for the explanatory model for ARF incidence dynamics for 2018–2020 (retrospectively)  
and evaluation results in 2021 (the Astrakhan Region)

Result

Years

2018 2019 2020 2021

number of districts % number of districts % number of districts % number of districts %

Correct 9 75.0 8 66.7 3 25.0 6 50.0

False positive – – – – 4 33.3 – –

False negative 1 8.3 1 8.3 – – – –

Overestimated 2 16.7 3 25.0 5 41.7 6 50.0
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the earlier developed prediction models (and considering 
the below-given explanations about a significant effect 
produced by factors of the previous year on the forma-
tion of tick populations during the current epi demic sea-
son), the focus of error assessment is shifted to false-neg-
ative results that are seen as truly erroneous, the average 
accuracy of CCHF models in the studied period for the 
Stavropol Territory and Astrakhan Region will be 95.2% 
and 100%, respectively, and 95.9% for the ARF model.

The obtained results demonstrate satisfactory per-
formance of the developed models and confirm that the 
right method has been selected for achievement of the 
study objectives.

Special attention should be given to the possibi-
lity to compare the results of explanatory models with 
those obtained by using the prediction models and the 
actual data; this comparison provides answers to sever-
al important questions. Firstly, climatic factors, which 
most likely were the reason for the prediction failure, 
can be identified in each case of the wrongly predicted 
and the correct explanatory result. For example, when 
the weather conditions were favorable for formation of 
high numbers of tick populations during the previous 
year, the climatic factors, which were unfavorable for 
the activity of transmitters during the spring-summer 
period of the current year (the low temperature in May, 

Table 4. Comparison of results obtained by using prediction and explanatory models for CCHF incidence dynamics  
for the Stavropol Territory (for 2021)

Administrative district Prediction  
result

Interpretation  
of prediction

Interpretation  
of explanation Explanation result

Actual incidence 
per 100,000 
population)

Alexandrovsky ≤ 0,000009 Correct ≤ 0,000009  Correct 0

Andropovsky ≤ 0.000009 Correct ≤ 0.000009 Correct 0

Apanasenkovsky > 4.7 Correct > 4.7 Correct 10.1

Arzgirsky > 4.7 Correct > 4.7 Correct 8.3

Blagodarnensky > 4.7 Correct > 4.7 Correct 5.2

Budennovsky > 4.7 False positive > 4.7 False positive 0

Georgievsky > 0.9 False positive ≤ 0.000009 Correct 0

Grachevsky ≤ 0.000009 False negative ≤ 0.000009 False negative 2.7

Izobilnensky > 4.7 False positive ≤ 0.000009 Correct 0

Ipatovsky > 4.7 Correct > 4.7 Correct 5.4

Kirovsky ≤ 0.000009 Correct ≤ 0.000009 Correct 0

Kochubeevsky ≤ 0.000009 Correct ≤ 0.000009 Correct 0

Krasnogvardeisky > 4.7 Correct > 4.7 Correct 5.4

Kursky > 4.7 False positive > 4.7 False positive 0

Levokumsky > 4.7 False positive > 4.7 False positive 0

Mineralovodsky ≤ 0.000009 Correct ≤ 0.000009 Correct 0

Neftekumsky > 4.7 Overestimated > 4.7 Overestimated 1.6

Novoaleksandrovsky > 4.7 False positive ≤ 0.000009 Correct 0

Novoselytsky > 4.7 False positive ≤ 0.000009 Correct 0

Petrovsky > 4.7 Overestimated > 4.7 Overestimated 1.4

Predgornyy ≤ 0.000009 Correct ≤ 0.000009 Correct 0

Soviet > 4.7 False positive ≤ 0.000009 Correct 0

Stepnovsky > 4.7 False positive > 4.7 False positive 0

Trunovsky > 4.7 Overestimated > 4.7 Overestimated 3.4

Turkmensky > 4.7 False positive > 4.7 False positive 0

Shpakovsky ≤ 0.000009 False negative ≤ 0.000009 False negative 1.3
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continuous rainy days in June-July), contributed indi-
rectly to lower incidence rates among the population, 
which matched the reported rates. On the contrary, the 
air temperature that was higher compared to the mean 
temperature in April–May could bring along the earli-
er beginning of the epidemic season; its length can be 
also increased due to warm, calm weather in Septem-
ber. Considering such unpredictable weather changes, 
our prediction models incorporate a calculated error 
probability of 1% and 10%, respectively. Secondly, the 
above comparison can be used for indirect verification 
of the performance of prediction models. For example, 
false-positive or overestimated results obtained concur-
rently in both models can be seen as a proof of accuracy 
of the prediction model and can imply that not all cases 
have been detected due to under-diagnosis of mild cas-
es or due to other external factors that are not directly 
related to the TBTI epidemic process, as we are going 
to discuss further in the article. Thirdly, the concurrent 
false-negative results can suggest the existence of an 
imported case (when a patient got infected (was bitten 
by a tick) during their stay in another administrative 
district or outside the region) or can suggest the exis-
tence of factors, which cannot be taken into consider-
ation (for example, a person can get infected through 
the close contact with tick-infested cattle driven from 
another district highly endemic for CCHF).

The retrospective data for 2018-2020 show that 
the match between the results of explanatory models 
for CCHF incidence dynamics and the similar estima-
ted data for prediction models for the Stavropol Territo-
ry ranged from 46.2% in 2018 (12 districts) to 100% in 
2019-2020 (26 districts), and for the Astrakhan region, 

it ranged from zero due to the absence of results in 2020 
to 100% in 2019 (12 districts). For the ARF models, the 
proportion of matching results ranged from 66.7% in 
2020 (8 districts) to 83.3% (10 districts) in 2019. 

The comparison results for 2021 are presented in 
Tables 4–6.

The above tables also demonstrate that the of-
fered models provide clear explanation of differences 
between the actual and predicted rates due to the ef-
fects of factors during the current year. For example, 
for 5 administrative districts in the Stavropol Territo-
ry (Georgiyevsky, Izobilnensky, Novoalexandrovsky, 
Novoselitsky and Sovetsky) having false-positive pre-
dicted results, the explanatory model provided the re-
sults matching the actual data (absence of CCHF cases) 
mostly due to the adverse weather conditions during the 
spring-summer period. For the models used in the As-
trakhan Region, the similar situation for CCHF was ob-
served in 2 cases — in Astrakhan and the Kharabalin-
sky District; for ARF — for 2 districts having false-pos-
itive predicted results (Akhtubinsky and Chernoyarsky 
Districts) and 4 districts with overestimated predicted 
results (Volodarsky, Yenotayevsky, Kamyzyaksky and 
Privolzhsky Districts). The evaluation results show that 
explanatory models can and should be used to achieve 
the set objectives. 

When analyzing the performance of the models, 
it should be remembered that 2 years of testing and 
evaluation (2020 and partially 2021) coincided with the 
COVID-19 pandemic period. The decrease in the inci-
dence of almost all TBTI forms, which was observed 
during that period due to the implementation of restric-
tive measures, the reduced number of specific laborato-

Table 5. Comparison of results obtained by using prediction and explanatory models for CCHF incidence dynamics  
for the Astrakhan Region (for 2021)

Administrative district Prediction  
result

Interpretation  
of prediction

Interpretation  
of explanation Explanation result

Actual incidence 
per 100,000 
population)

Astrakhan > 2 False positive ≤ 0,000009 Correct 0

Akhtubinsky ≤ 0.000009 Correct ≤ 0.000009 Correct 0

Volodarsky > 2 False positive ≤ 0.000009 Correct 0

Enotaevsky > 2 False positive ≤ 0.000009 Correct 0

Ikryaninsky > 2 False positive ≤ 0.000009 Correct 0

Kamyzyaksky > 2 False positive ≤ 0.000009 Correct 0

Krasnoyarsky > 2 False positive ≤ 0.000009 Correct 0

Limansky > 2 False positive ≤ 0.000009 Correct 0

Narimanovsky > 2 False positive ≤ 0.000009 Correct 0

Privolzhskiy > 2 False positive ≤ 0.000009 Correct 0

Kharabalinsky > 2 False positive ≤ 0.000009 Correct 0

Chernoyarsky ≤ 0.000009 Correct ≤ 0.000009 Correct 0
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ry tests for diagnosis verification, the probability of un-
der-diagnosis of mild CCHF and ARF cases because of 
high overload and repurposing of treatment and preven-
tive care facilities, may have affected the accuracy of 
results obtained by using explanatory models for 2020. 
The external impact on the performance of the models is 
also demonstrated by a high percentage of concurrently 
obtained false-positive (overestimated) results both for 
prediction and explanation for the same districts – for 
CCHF in the Stavropol Territory (17 districts) and for 
ARF in the Astrakhan Region (7 districts). Therefore, 
the accurate assessment of the effectiveness and accu-
racy of the models can be made only after stabilization 
of the COVID-19 epidemiological situation.

Conclusion
The authors have made an attempt to solve the 

problem addressing the interrelated and divergent ef-
fects produced by the factors of the previous and cur-
rent years on the intensity of TBTI epidemic processes 
in the south of Russia and to receive a mathematically 
grounded answer to the common question "Why did the 
epidemiological forecast fail to come true?". During the 

study conducted using data for the Stavropol Territory 
and Astrakhan Region, we developed explanatory mo-
dels for incidence dynamics of ARF and CCHF, which 
are the most common TBTIs in the Southern and North 
Caucasian Federal Districts. The results obtained after 
testing and evaluation of the models are quite satisfac-
tory and prove that they can be used independently for 
assessment of the impact of weather conditions during 
the current epidemic season on the epidemiological sit-
uation for TBTI as well as for verification of the earlier 
developed prediction models and identification of the 
factors causing differences between the predicted and 
the reported incidence rates. 

The performance of the models needs further 
verification, especially during the stabilization of the 
epidemiological situation for COVID-19, and further 
improvement to increase accuracy of the obtained re-
sults (the search for additional informative climatic and 
other factors such as accumulated temperature, precip-
itation, etc.). The study will be continued, focusing on 
development of similar models for other regions in the 
south of Russia, which are highly endemic for TBTI 
(Rostov and Volgograd Regions).

Table 6. Comparison of results obtained by using prediction and explanatory models for ARF incidence dynamics  
for the Astrakhan Region (for 2021)

Administrative district Prediction  
result

Interpretation  
of prediction

Interpretation  
of explanation Explanation result

Actual incidence 
per 100,000 
population)

Astrakhan ≤ 62.4 Overestimated ≤ 39.5 Overestimated 3.24

Akhtubinsky > 62.4 False positive ≤ 0.000009 Correct 0.00

Volodarsky ≤39.5 Overestimated ≤ 25 Correct 2.18

Enotaevsky > 62.4 Overestimated ≤ 25 Correct 4.06

Ikryaninsky ≤ 62.4 Overestimated ≤ 39.5 Overestimated 15.24

Kamyzyaksky ≤ 39.5 Overestimated ≤ 25 Correct 6.54

Krasnoyarsky > 62.4 Overestimated > 62.4 Overestimated 32.82

Limansky > 62.4 Overestimated ≤ 39.5 Overestimated 6.93

Narimanovsky > 62.4 Overestimated ≤ 39.5 Overestimated 17.04

Privolzhskiy ≤ 62.4 Overestimated ≤ 39.5 Correct 25.95

Kharabalinsky > 62.4 Overestimated > 62.4 Overestimated 46.09

Chernoyarsky ≤ 25 False positive ≤ 0.000009 Correct 0.00
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