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Abstract
Introduction. The World Health Organization considers the values of antibody titers in the hemagglutination 
inhibition assay as one of the most important criteria for assessing successful vaccination. Mathematical modeling 
of cross-immunity allows for identification on a real-time basis of new antigenic variants, which is of paramount 
importance for human health.
Materials and methods. This study uses statistical methods and machine learning techniques from simple to 
complex: logistic regression model, random forest method, and gradient boosting. The calculations used the 
AAindex matrices in parallel to the Hamming distance. The calculations were carried out with different types 
and values of antigenic escape thresholds, on four data sets. The results were compared using common binary 
classification metrics.
Results. Significant differentiation is shown depending on the data sets used. The best results were demonstrated 
by all three models for the forecast autumn season of 2022, which were preliminary trained on the February season 
of the same year (Auroc 0.934; 0.958; 0.956, respectively). The lowest results were obtained for the entire forecast 
year 2023, they were set up on data from two seasons of 2022 (Aucroc 0.614; 0.658; 0.775). The dependence of 
the results on the types of thresholds used and their values turned out to be insignificant. The additional use of 
AAindex matrices did not significantly improve the results of the models without introducing significant deterioration.
Conclusion. More complex models show better results. When developing cross-immunity models, testing on a 
variety of data sets is important to make strong claims about their prognostic robustness. 
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Резюме
Введение. Всемирная организация здравоохранения в качестве одного из важнейших критериев оценки 
успешно проводимой вакцинации и способности предотвращать заболевание у населения рассматривает 
значения титров антител в реакции торможения гемагглютинации. Математическое моделирование пере-
крестного иммунитета позволяет оперативно выявлять новые антигенные варианты, что имеет первосте-
пенное значение для эпидемиологического надзора и здоровья человека.
Материалы и методы. В настоящей работе применены статистические методы и техники машинного об-
учения от простого к сложному ‒ регрессионная логистическая модель, метод случайного леса и градиент-
ный бустинг. В расчетах, параллельно дистанции Хемминга, также использовали матрицы AАindex. Вычис-
ления проводили с разными типами и величинами порогов антигенного ускользания, на четырех наборах 
данных (временны́х периодах). Результаты сравнивали по принятым метрикам бинарной классификации.
Результаты. Показана существенная дифференциация в зависимости от применяемых наборов данных. 
Лучшие результаты продемонстрировали все три модели на прогнозный осенний сезон 2022 г., предва-
рительно обученные на февральском сезоне этого же года (AUROC 0,934; 0,958; 0,956 соответственно). 
Наименьшие результаты были получены на весь прогнозный 2023 г., настроенные на данных двух сезонов 
2022 г. (AUCROC 0,614; 0,658; 0,775 соответственно). При этом зависимость результатов от применяемых 
типов порогов и их величин оказалась незначительной. Дополнительное применение матриц ААindex не 
улучшило существенно результаты моделей, но в то же время не внесло значимых ухудшений.
Заключение. Более сложные модели показывают лучший результат. При разработке моделей перекрест-
ного иммунитета, для убедительного утверждения об их прогностической устойчивости важно проводить 
тестирование на разных наборах данных. 

Ключевые слова: вирус гриппа A; подтип H3N2; титры антител в РТГА; перекрестный иммунитет; 
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гистическая регрессия; метод случайного леса; градиентный бустинг; эпидемиоло-
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учения
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Introduction 
It is well known that the influenza A virus, belonging 

to the Orthomyxoviridae family [1], has high mutational 
variability; therefore, circulating strains (populations) 
include mutant variants that avoid the protective effect of 
antibodies developed both as a result of the disease and 
vaccination. Mutant forms of the virus that carry certain 
substitutions and lead to conformational changes in the 
surface protein can cause difficulties in the interaction 
of antigenic sites with neutralizing antibodies, which 
is important when selecting and evaluating strains for 
creating vaccines.

The World Health Organization (WHO) considers the 
values of antibody titers in the hemagglutination inhibition 
assay (HIA) as one of the most important criteria for 
assessing successful vaccination and the ability to prevent 
disease in the population1. At the same time, laboratory 
experimental studies are quite time-consuming and labor-
intensive. Mathematical modeling of cross-immunity 
allows for identification on a real-time basis of new 
antigenic variants, which is of paramount importance for 
epidemiological surveillance and human health [2, 3].

A promising direction is modelling the spread of the 
influenza virus over long time intervals, taking into ac-
count seasonality and mutation factors, to recommend 
a vaccine strain for the upcoming season. In 2020, the 
team of the National Research Center for Epidemiology 
and Microbiology named after N.F. Gamaleya developed 
and successfully registered the Influenza IDE software  
(a multi-strain epidemic model (MEM)) with a cross-im-
munity model and a constantly updated database Influ-
enza DB of various types and subtypes of the virus [4]. 
The MEM uses a population (agent) model to simulate the 
spread of the influenza virus among the population, as well 
as nested models (cross-immunity and immune response) 
to form an immune landscape (is the quantitative distribu-
tion of antigenic variants (with antibodies produced against 
them) among the population at a given point in time in ac-
cordance with the individual disease histories of agents 
(individuals)), that directly affects the speed and extent of 
spread of individual influenza virus strains among the pop-
ulation and recommend the most effective vaccine strain. 
The software is designed to be able to integrate multiple 
models of cross-immunity [5]. As part of research on mod-
ifying the software, the team of authors is developing mod-
els of cross-immunity, using the example of the influenza A 
(H3N2) virus, incorporating mathematical methods.

The purpose of the study is to develop, study, and 
compare cross-immunity models using statistical methods 
and machine learning. 

Materials and methods

Data description
To develop models and calculations, the Influenza DB 

data set was used with information from:

‒ Published WHO seasonal data on the results of serum 
testing in the HIA (the entire data set from 2014‒2023 
of both reference and test strains of influenza A (H3N2) 
virus); 

‒ From the GISAID (Global Initiative on Sharing All 
Influenza Data) platform (sequences + supporting infor-
mation). 

After cleaning and harmonizing the data from GISAID, 
followed by alignment to the reference sequence and 
combining into antigenic sites, according to the proposed 
proprietary template, a Hamming distance matrix was 
formed for each of the 6 antigenic sites (with assignment 
of a unique identifier to each sequence). 

In previous calculations [5], by tuning and forecast based 
on later data, we showed that the accuracy of the results is 
significantly influenced by the volume and quality of the 
HIA studies performed. To develop models of cross-immu-
nity, the subset with the largest number (36,509) of Cell-
Cell observations (with passage history in cell culture) was 
selected. Taking into account the fundamental increase 
in observations in 2022 and 2023, we decided to choose 
the said seasons as forecast periods. While the intervals 
from 2014‒2021, as well as 2022 and 2023, respectively, 
were taken as retrospective tuned periods (Table 1).

In previous calculations, integer numeric values were 
used as Hamming distance values according to the number 
of amino acid substitutions (for example, 0, 1, 2, 3 … 8). 
For a more sensitive assay, assessment of the contribution 
of each amino acid and comparison, we used the AAin-
dex matrices in this study. This is a database of numerical 
indicators reflecting various physical-chemical and bio-
chemical properties of amino acids and amino acid pairs. 
Thus, in parallel, replacing the value of the Hamming 
distance with the inherent numerical value of a specific 
physical-chemical characteristic.

The AAindex database consists of three sections and 
is released every year. The matrices are presented as 
flat files: AAindex1 for amino acid indices, AAindex2 
for amino acid substitution matrices, and AAindex3 for 
amino acid contact potentials. Currently, researchers 
continue to collect and complete the database, following 
the expansion of the collection2 [6]. 

Determination of antigenic distance  
and selection of thresholds 

The common «gold standard» for assessing the 
presence and determining the concentration of virus-
neutralizing antibodies in studied serum specimens is 
the hemagglutination inhibition assay (HIA). Essentially, 
the HIA assesses the level of cross-immunity against the 
influenza virus [7‒9]. 

A significant number of studies on the investigation 
of antigenic differences between strains (antigenic 
distance) use both the titer values themselves and various 
expressions from the HIA titers or logarithms from these 
expressions: Rij = cij / cii [10]; log2(Rij), as a measure 

1WHO. World Health Organization. Available at: https://www.who.
int/initiatives/global-influenza-surveillance-and-response-system 
(accessed June 24, 2024).

2DBGET/LinkDB in GenomeNet  (http://www.genome.jp/dbget-
bin/www_bfind?aaindex;  ftp://ftp.genome.jp/pub/ db/community/
aaindex/).
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of cross-immunity during infection and/or to study the 
effectiveness of vaccines [11‒13]. In the meantime, 
certain values of these titers and expressions may indicate 
the presence or absence of protection against infection 
with a specific strain of influenza virus. And, in this 
case, the transition value is called the antigenic escape 
threshold. For the current study, we determined the 
values of the probabilistic thresholds of antigenic escape, 
expressed in titers, referring to scientific literature data, 
as 1 : 40 and 1 : 80. [14, 15]. 

In addition, it is well known that the results are 
significantly influenced by the individual characteristics 
of laboratory animals. To reduce the influence of these 
factors, it is not the titer value itself that is taken as the 
threshold for antigenic escape, but the ratio of the titer 
in the reaction under consideration, normalized to its 
maximum dilution for a given serum. In this study, we 
decided to carry out calculations for the entire array of 
test strains and take the ratio of the maximum titer value 
in the experiment to the titer value of the test strain as the 
thresholds for antigenic escape (ref_max/titer) greater 
than 4; and greater than or equal to 4 [12, 13, 16–19].

Thus, for further calculations, antigenic escape thresholds 
were used, expressed in titers (dilutions 1:40; 1:80) and 
normalized (ref_max/titer > 4; ref_max/titer ≥ 4).

Cross-immunity models 
For the chosen purpose and to solve binary classifica-

tion problems (in our case, antigenic escape), statistical 
methods and machine learning techniques were consid-
ered: from simple to complex, such as the logistic regres-
sion model, the random forest method and the gradient 
boosting. 

Logistic regression is a type of statistical modelling 
that allows one or more independent variables (predic-
tors) to be quantitatively associated with a binary attri-
bute by determining the odds ratio of possible outcomes 
[20].

Random forest method is a machine learning algo-
rithm that uses an ensemble of decision trees. Decision 
trees are a nonparametric algorithm used to solve clas-
sification and regression problems. The algorithm works 
based on the principle of a tree structure, where each in-
ternal node represents a test for the value of some attri-
bute, each branch is the result of this test, and each leaf 

node is a class mark or numeric value. The random trees 
method assigns the object to the class that was selected by 
the majority of decision trees included in the ensemble3.

Gradient boosting is a machine learning technique 
that is used for classification and regression problems. 
The main idea of gradient boosting is to construct an en-
semble of weak models, usually decision trees, in such a 
way that each subsequent model corrects the errors of the 
previous models [21]. As part of this study, the CatBoost 
library was used to implement gradient boosting4 .

Python programming language libraries were used for 
data preprocessing, descriptive statistics, learning and 
quality assessment of the models:

‒ pandasql 0.7.3 – data preprocessing;
‒ pandas 2.0.3 – descriptive statistics, presentation of 

results;
‒ sklearn 1.2.2 – logistic regression, random forest 

method, model quality assessment
‒ matplotlib 3.7.1 – plots.
The analysis of the stability of the predictive ability of 

cross-immunity models was carried out on retrospective 
data with the largest number of observations with 
subsequent forecast. As a measure of the adequacy (quality 
and accuracy of forecast) of models and comparison of 
various algorithms, quality metrics adopted in machine 
learning tasks were used (indicators that depend on the 
classification results and do not depend on the internal 
state of the model):

‒ Accuracy is the percentage of reproducibility of 
correct model results;

‒ Sensitivity (completeness) or True Positive 
Rate (TPR) is defined as the number of true positive 
classifications relative to the total number of positive 
observations;

‒ Specificity is the proportion of True Negatives Rate 
(TNR) defined as the number of true negative classifications 
in the total number of negative classifications;

‒ MCC (Matthews Correlation Coefficient) is a 
balanced measure of performance that can be used even 
if a class includes many more samples than another one. 
Value range from −1 to +1;

Table 1. Data characteristics 
Таблица 1. Характеристика данных

Model training / Обучение модели Model testing / Тестирование модели

period
период

number of strain pairs
число пар штаммов

titer
титр

period
период

number of strain pairs
число пар штаммов

titer
титр

2014‒2021 10 272 160 [40; 320] 2022 8183 80 [40; 320]

2022 8183 80 [40; 320] 2023 6143 160 [80; 320]

2023 
(feb.) / (фев.) 

2518 80 [40; 320] 2023
(sep.) / (сен.)

3689 160 [80; 320]

2022 
(feb.) / (фев.)

1994 160 [40; 320] 2022 
(sep.) / (сен.)

6675 80 [40; 320]

3IBM. Available at: https://www.ibm.com/topics/random-forest
4Catboost. Available at: https://catboost.ai/en/docs/ (accessed 
June 24, 2024).
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‒ F1 (F-score) is a balanced metric that combines 
information about accuracy (precision) and sensitivity 
(completeness) using their harmonic mean value. 
Maximization of F1 is achieved when completeness and 
accuracy are simultaneously equal to 15,6. 

The ROC analysis was also used as the most 
comprehensive indicator of model adequacy. The ROC 
curve shows the dependence of the number of correctly 
classified positive examples on the number of incorrectly 
classified negative examples. A quantitative interpretation 
of the ROC analysis is provided by the AUC indicator 
(Area Under Curve, area under the ROC curve). The 
higher the AUROC score, the better the classifier. The 
following gradation is normally used: Excellent (0.9‒1.0); 
Very good (0.8‒0.9); Good (0.7‒0.8); Average (0.6‒0.7); 
Unsatisfactory (0.5‒0.6)7,8.

The studies were carried out according to the design 
presented in Figure 1. 

Results
In our study, the binary classification implemented 

by various methods (logistic regression model, 
random forest and gradient boosting) is used to predict 
the probability of occurrence of a certain outcome 
(protected or not) based on titer values in dilutions  
(1 : 40; 1 : 80) or normalized ones (ref_max/titer 
> 4; ref_max/titer ≥ 4).

Thresholds expressed in titers (dilutions 1 : 40 and 1 : 80)
As the threshold value of cross-immunity between two 

arbitrary strains in our calculations, we decided to take 
the value of the HIA titer in dilutions of both 40 and 80. 

The distribution of the positive attribute (antigenic es-
cape) for the 1 : 40 and 1 : 80 thresholds in both all tuned and 
forecast periods ranged from 30 to 40% and from 47 to 53%, 
respectively. The exception was year 2023, where the 
ranking of the same attribute varied from 37 to 44% for 
the 1 : 80 threshold, and from 15 to 26% for the 1 : 40 thre-
shold. Detailed information for all thresholds and periods 
is presented in the Appendix.

For each time period, all three models were tuned and 
tested according to the study design. The calculation 
results for all three models in titers (1 : 40) are presented 
in Table 2 and in Plots (Fig. 2‒5). The adequacy of each 
model for the selected forecast periods was assessed 
using common indicators. 

As can be seen from the results, more complex models 
show better results in almost all indicators. The results 
for the forecast period of 2023, with a pre-set period 
for 2022, stand out from this series with a slight difference. 
Regarding the comparison of individual indicators across 
all three models, attention should be paid to the (values 
of) specificity and sensitivity. Both metrics are balanced 
for all forecast and tuned periods. The exception is the 
forecast period of year 2023, tuned on year 2022, which 
exhibits high values for sensitivity and low values for 
specificity.

Figures 2‒5 show the results of the ROC analysis 
of all three models. According to the adopted metric 
of classifier quality, the good performance under the 
ROC curve is illustrated by all three models for the 
forecast year 2023 with preliminary learning on data 
for year 2022. Very good results were obtained for 
the tuned period from 2014 to 2021 with a forecast 
for 2022. The forecasted September 2023 season, which 
was pre-tuned for the February period of the same 
year, showed similar results. The results of all three 
models for the forecast autumn season of year 2022 are 
quite stable. Models trained on the February season 
of year 2022 demonstrated excellent AUROC values. 
These results coincide with our own indicators based on 
multiple linear regression [5]. 

We also decided to test the quality of our models for a 
cross-immunity titer threshold value equal to 80. Detailed 
calculations (tables, ROC curves) are presented in the 
Appendix.

When comparing the results obtained using different 
threshold escape values, attention is drawn to the fact that, 
regardless of the threshold value, the same trends remain 
for all tuned periods: the best results were obtained in 
the forecast for 2022 and slightly moderate ones in the 
forecast for 2023.

Thresholds expressed by the ratios ref_max/titer > 4 
and ref_max/titer ≥ 4)

As has been noted more than once by researchers, 
despite all efforts to standardize the HIA [22], the initially 
high error of the HIA technique (17%) [23] remains a 
factor that significantly influences the results. In addition, 
the final result is significantly influenced by the individual 
characteristics of laboratory animals. To reduce the 
influence of these factors, we used the normalized ratio 
ref_max/titre > 4 and  ≥ 4 as the threshold for antigenic 
escape in our calculations.

There is a fairly even distribution of the positive 
attribute (antigenic escape) for the normalized threshold 
ref_max/titre  > 4 in both all tuned and forecast periods 
from 44 to 54%. For the normalized threshold ref_max/
titre ≥ 4, the ranking of the same attribute changes 
from 21 to 28%. Detailed information is provided in the 
Appendix.

As can be seen from Table 3, the trends continue with 
the results of calculations using the threshold equal to 40.  
As in the previous case, the results for the forecast period 
of year 2023, with a pre-set period of year 2022, differ 
from the general trend. 

5Top 10 Machine Learning Evaluation Metrics for Classification ‒ 
Implemented In R. 2022. Available at: https://www.appsilon.com/
post/machine-learning-evaluation-metrics-classification (accessed 
June 24, 2024).
6F1 Score in Machine Learning: Intro & Calculation. 2022. Available at: 
https://www.v7labs.com/blog/f1-score-guide (accessed June 24, 2024).
7Loginom. Quality metrics of binary classification 
models; 2023. Available at: https://loginom.ru/blog/classification-
quality (in Russian).
8Microsoft Learn. Evaluation of the results of experiments with 
automated machine learning; 2023. Available at: https://learn.
microsoft.com/ru-ru/azure/machine-learning/how-to-understand-
automated-ml?view=azureml-api-2 (in Russian).
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Figures 6‒9 present the results of the ROC analysis of 
all three models for the normalized threshold (> 4).

At all forecast periods, the values of the areas under the 
ROC curves are above 0.8, as in the case of calculations 
for thresholds expressed in titers (1 : 40 and 1 : 80), 
with the exception of the plots in Figure 9, where the 

AUROC value is above 0.7 for random forest and 
gradient boosting models.

The main reason for the lower AUROC score is the 
low sensitivity of the models. It should be noted that, in 
contrast to the threshold type (1 : 40 and 1 : 80) for the 
period tuned on the data of year 2022 and the forecast for 

Fig. 1. Study flowchart.
1.1. Selection of source data; 1.2. Selecting the threshold for antigen release; 1.3. Dividing the data into a training and a forecast periods; 2. Model development; 

3. Adequacy assessment and comparative analysis. Explanations in the text.
Рис. 1. Блок-схема исследования.

1.1. Выбор исходных данных; 1.2. Выбор порога антигенного ускользания; 1.3. Разделение данных на обучающий период и прогнозный; 2. Построение 
моделей; 3. Оценка адекватности и сравнительный анализ. Пояснения в тексте.

Fig. 2. 2014‒2021 => 2022 (1 : 40).
Here and in Fig. 3–5: the logistic regression model is shown in blue; random 
forest – in yellow; gradient boosting – in green, for one type of threshold 
expressed in titers (dilution 1 : 40). The sensitivity is plotted on the Y-axis, and  
the 1 minus specificity represent on the X-axis. Explanations are given in the text.

Рис. 2. 2014‒2021 => 2022 (1 : 40).
Здесь и на рис. 3‒5: модель логистической регрессии выделена синим 
цветом; случайного леса ‒ желтым цветом; градиентного бустинга ‒ зе-
леным цветом, для одного типа порога, выраженного в титрах (разведе-
ние 1 : 40). По оси У отложена чувствительность (sensitivity), а по оси 

Х отложена: 1 минус специфичность (specificity). Пояснения в тексте.

Fig. 3. 2022 (feb.) => 2022 (sep.) (1 : 40). 
Рис. 3. 2022 (фев.) => 2022 (сен.) (1 : 40).  
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Table 2. Threshold titer (1 : 40)
Таблица 2. Порог в титрах (1 : 40)

Parameter
Параметр Accuracy Sensitivity Specificity MCC F1 AUROC

2014‒2021 => 2022

Logistic regression
Лог. регрессия

0.764 0.704 0.858 0.548 0.785 0.859

Random forest
Случайный лес

0.803 0.727 0.924 0.635 0.819 0.886

Gradient boosting
Градиентный бустинг

0.814 0.750 0.913 0.647 0.831 0.899

2022 (фев. / feb.) => 2022 (sep. / сен.)

Logistic regression
Лог. регрессия

0.861 0.804 0.949 0.735 0.875 0.934

Random forest
Случайный лес

0.886 0.931 0.815 0.759 0.909 0.958

Gradient boosting
Градиентный бустинг

0.880 0.944 0.781 0.747 0.906 0.956

2023 (feb. / фев.) => 2023 (sep. / сен. )

Logistic regression
Лог. регрессия

0.637 0.607 0.806 0.297 0.739 0.760

Random forest
Случайный лес

0.734 0.719 0.815 0.399 0.821 0.854

Gradient boosting
Градиентный бустинг

0.869 0.953 0.402 0.420 0.925 0.851

2022 => 2023

Logistic regression
Лог. регрессия 

0.837 0.970 0.304 0.393 0.905 0.775

Random forest
Случайный лес

0.838 0.968 0.316 0.398 0.905 0.658

Gradient boosting
Градиентный бустинг

0.837 0.968 0.311 0.395 0.905 0.614

Fig. 4. 2023 (feb.) => 2023 (sep.) (1 : 40).
Рис. 4. 2023 (фев.) => 2023 (сен.) (1 : 40).

Fig. 5. 2022 => 2023 (1 : 40).
Рис. 5. 2022 => 2023 (1 : 40).

year 2023, logistic regression shows a lower result than in 
the case of more complex models

The results for the normalized threshold greater than 
and equal to 4 are generally similar for all periods, 
but, as expected, have higher sensitivity and weaker 
specificity. The difference is especially noticeable in the 

forecast for year 2023 tuned on data of year 2022. Full 
calculations are presented in the Appendix.

Application of AAindex matrices
At the next stage of research, we applied the AAindex 

matrices, thereby replacing the value of the Hamming 



356

PROBLEMS OF VIROLOGY (VOPROSY VIRUSOLOGII). 2024; 69(4)
https://doi.org/10.36233/0507-4088-250

ORIGINAL RESEARCHES

Table 3. Threshold normalized more than 4
Таблица 3. Нормированный порог больше 4

Parameter
Параметр Accuracy Sensitivity Specificity MCC F1 AUROC

2014‒2021 => 2022

Logistic regression
Лог. регрессия 

0.817 0.915 0.714 0.644 0.836 0.840

Random forest
Случайный лес

0.816 0.893 0.736 0.638 0.832 0.861

Gradient boosting
Градиентный бустинг

0.821 0.900 0.738 0.648 0.837 0.899

2022 (feb. / фев.) => 2022 (sep. / сен.)

Logistic regression
Лог. регрессия

0.883 0.929 0.837 0.769 0.888 0.942

Random forest
Случайный лес

0.890 0.897 0.883 0.780 0.891 0.951

Gradient boosting
Градиентный бустинг

0.890 0.904 0.876 0.781 0.892 0.951

2023 (feb. / фев.) => 2023 (sep. / сен.)

Logistic regression
Лог. регрессия

0.750 0.791 0.715 0.505 0.745 0.821

Random forest
Случайный лес

0.770 0.840 0.710 0.550 0.771 0.849

Gradient boosting
Градиентный бустинг

0.762 0.804 0.726 0.528 0.757 0.848

2022 => 2023

Logistic regression
Лог. регрессия 

0.624 0.249 0.965 0.310 0.386 0.664

Random forest
Случайный лес

0.613 0.257 0.938 0.268 0.388 0.748

Gradient boosting
Градиентный бустинг

0.614 0.259 0.937 0.268 0.389 0.725

Fig. 6. 2014‒2021 => 2022 (> 4). 
Here and in Fig. 7–9: logistic regression models are shown in blue; random 
forest models are shown in yellow; gradient boosting models are shown in 
green. Sensitivity is plotted on the Y-axis, and 1 minus specificity represents 

on the X-axis. Explanations are given in the text.
Рис. 6. 2014‒2021 => 2022 (> 4).

Здесь и на рис. 7‒9: модели логистической регрессии выделены синим 
цветом; случайного леса ‒ желтым цветом; градиентного бустинга ‒ зеле-
ным цветом. По оси У отложена чувствительность (sensitivity), а по оси Х 

отложена: 1 минус специфичность (specificity). Пояснения в тексте.

Fig. 7. 2022 (feb.) => 2022 (sep.) (> 4).
Рис. 7. 2022 (фев.) => 2022 (сен.) (> 4).
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Fig. 8. 2023 (feb) => 2023 (sep.) (> 4).
Рис. 8. 2023 (фев) => 2023 (сен.) (> 4).

Fig. 9. 2022 => 2023 (> 4).
Рис. 9. 2022 => 2023 (> 4).

Table 4. Threshold titer (1 : 40). Сomparison of results
Таблица 4. Порог в титрах (1 : 40). Сравнение результатов

Parameter
Параметр

Hamming distance
Дистанция Хемминга AAindex-AZAE_40 AAindex-BENS_40 AAindex-MUET_40

AUROC AUROC AUROC AUROC 

2014‒2021 => 2022

Logistic regression
Лог. регрессия 

0.850 0.856 0.857 0.874

Random forest
Случайный лес

0.879 0.876 0.878 0.878

Gradient boosting
Градиентный бустинг

0.893 0.894 0.908 0.898

2022 (feb. / фев.) => 2022 (sep. / сен.)

Logistic regression
Лог. регрессия 

0.912 0.887 0.937 0.932

Random forest
Случайный лес

0.958 0.956 0.958 0.957

Gradient boosting
Градиентный бустинг

0.956 0.957 0.959 0.957

2023 (feb. / фев.) => 2023 (sep. / сен.)

Logistic regression
Лог. регрессия 

0.772 0.796 0.758 0.790

Random forest
Случайный лес

0.854 0.882 0.886 0.884

Gradient boosting
Градиентный бустинг

0.851 0.883 0.878 0.875

2022 => 2023

Logistic regression
Лог. регрессия 

0.790 0.685 0.749 0.737

Random forest
Случайный лес

0.659 0.654 0.659 0.649

Gradient boosting
Градиентный бустинг

0.624 0.629 0.581 0.590

distance with the inherent numerical value of a specific 
physical-chemical and biochemical characteristic. 
Foreign colleagues used AAindex matrices in various 
combinations in their studies. They are presented in quite 
a significant number. And we considered it useless to 

apply all the matrices without a validated theory or logic. 
Therefore, as a starting point, it was decided to use the 
most frequently intersecting matrices that showed the 
best results with the colleagues [24‒27] and then compare 
the results obtained:
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‒ AZAE970101 The single residue substitution matrix 
from interchanges of spatially neighbouring residues 
(Azarya-Sprinzak et al., 1997).

‒ BENS940104 Genetic code matrix (Benner et 
al., 1994). 

‒ MUET010101 Non-symmetric substitution matrix 
(SLIM) for detection of homologous transmembrane 
proteins (Mueller et al., 2001).

The calculation results for all three models, for the 
threshold in titers (1 : 40) and normalized greater 
than 4, are presented in Tables 4 and 5. All the other 
calculations are presented in the Appendix.  

Based on the comparative results presented in Tables 4, 5, 
it can be stated that the AUROC scores calculated both 
using the Hamming distance and the selected AAindex 
matrices do not differ significantly. Noteworthy is the fact 
that the generally followed rule is: more complex models 
demonstrate better results, including the forecast for the 
period of year 2023, tuned on data from year 2022, with 
the normalized threshold greater than > 4. This rule 
works better for calculations with the AAindex matrices, 

with only a few exceptions. Results of the full study are 
presented in the Appendix.

Discussion
The main purpose of this study was to investigate the 

influence on the study results of different types of cross-
immunity models used. For a more objective and stable 
assessment, we trained and tested the models that we had 
developed over various time periods. In this case, both 
the type of antigenic escape threshold and its value were 
varied.

Generally, as expected, more complex models showed 
better results. The only time period using the threshold 
type expressed in titers (1 : 40; 1 : 80), which stands out 
from this pattern, is the results for the forecast period of 
year 2023 with a pre-tuned period of year 2022, where the 
best result was shown by the simplest logistic regression 
model. At the same time, it is important to note that our 
calculations clearly demonstrated the significant influence 
of the time periods under consideration, i.e. data arrays, 
on forecast results. 

Table 5. Threshold normalized more than 4. Сomparison of results
Таблица 5. Нормированный порог больше 4. Сравнение результатов

Parameter
Параметр

Hamming distance
Дистанция Хемминга

AAindex-AZAE
ref_max/titre >4

AAindex-BENS
ref_max/titre >4

AAindex-MUET
ref_max/titre >4

AUROC AUROC AUROC AUROC 

2014‒2021 => 2022

Logistic regression
Лог. регрессия 

0.821 0.833 0.762 0.821

Random forest
Случайный лес

0.876 0.881 0.880 0.884

Gradient boosting
Градиентный бустинг

0.899 0.884 0.904 0.908

2022 (feb. / фев.) => 2022 (sep. / сен.)

Logistic regression
Лог. регрессия

0.936 0.902 0.944 0.943

Random forest
Случайный лес

0.950 0.941 0.948 0.947

Gradient boosting
Градиентный бустинг

0.951 0.946 0.950 0.943

2023 (feb. / фев.) => 2023 (sep. / сен.)

Logistic regression
Лог. регрессия

0.819 0.821 0.820 0.823

Random forest
Случайный лес

0.848 0.842 0.846 0.841

Gradient boosting
Градиентный бустинг

0.848 0.844 0.849 0.848

2022 => 2023

Logistic regression
Лог. регрессия

0.740 0.575 0.644 0.709

Random forest
Случайный лес

0.734 0.732 0.739 0.747

Gradient boosting
Градиентный бустинг

0.714 0.714 0.676 0.736
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The best forecast results, using all types of models and 
different types of antigenic escape threshold values, were 
obtained for the September season of year 2022, pre-tuned 
on the February season. Good forecast results for the full 
year 2022 were demonstrated by the models trained on 
data from 2014 to 2021. Next, in descending gradation, 
the results of the forecast for the February period of 
year 2023 are presented, with the tuned September season 
of the same year. And the lowest values were shown by 
calculations for the full year 2023, with training on data 
from two seasons of 2022.

Comparing results using different types of antigenic 
escape thresholds does not reveal significant differences. 
At the same time, in should be noted that for the 
threshold values, in titers (1 : 80) and normalized > 4, the 
distribution of the studied attribute of antigenic escape 
(positive outcome) is more uniform, from 37 to 54%, 
respectively. A slightly different, sharper distribution of 
the positive outcome (from 15 to 40%) is demonstrated 
by the results obtained for threshold values in titers  
(1 : 40) and normalized ≥ 4. 

Also attracting attention is the fact that when replacing 
the threshold value, expressed both in titers and 
normalized, from a smaller value to a larger one, two 
specific parameters for assessing models – sensitivity and 
specificity – are somewhat interrelated. In calculations, 
the sensitivity increases and the specificity decreases.

For the first time, very high forecast results for the 
September season of year 2022, with a pre-tuned model 
on February data of the same year, were obtained in 
our study [5], using an unprecedented amount of data 
for year 2022. In the present study, we repeated the 
calculations in a similar way, but using the developed new 
models. Additionally, similar calculations were carried 
out with data for year 2023. In both cases, good results 
were obtained. The robustness of the proposed approach 
needs to be tested using data from subsequent seasons.

The active use of the AAindex databases in the 
development of cross-immunity models has been noted 
in a number of scientific papers in recent years [24‒27]. 
Since the AAindex matrices include numerical indicators 
reflecting various physical-chemical properties of amino 
acids and amino acid pairs, we can presume that their use 
in calculations should lead to improved model accuracy. 

Our calculations using three AAindex matrices selected 
on the basis of the most frequently intersecting matrices 
in several foreign scientific papers, did not show a 
significant improvement in the results. It should be noted 
that using them did not worsen the results.

The above may indicate that the objective assessment 
of the results in case of using specific AAindex matrices 
requires a biological justification of the rationale for 
applicability of them in a particular case.

In the studies on cross-immunity model development 
published to date, researchers typically use one set of data 
to train the model on and test it on another set of data. In 
some cases, the entire sample (set of data) is randomly 
divided into two parts, with a larger volume intended for 
tuning the model and a smaller quantity for validation 
[13, 16, 24, 27‒31]. The results of the current study 

show that such an algorithm is not sufficient to justify the 
predictive ability of the model. Our calculations suggest 
that the results differ quite significantly depending on the 
data sets used. In our opinion, to overcome this limitation 
and make a convincing statement about the prognostic 
robustness of the model, it is necessary to carry out both 
tuning and testing on several different sets.

Conclusion
In current research, more complex models developed 

by statistical methods and machine learning have 
demonstrated better results. At the same time, selective 
application of types of antigenic escape thresholds and 
replacement of their numerical values do not make a 
significant contribution. They should be selected based 
on factors independent of the model itself.

It is important and necessary to train and test cross-
immunity models based on searching for the dependence 
of HIA titers on changes in amino acid positions of 
influenza virus sequences on various data sets. 

The existing knowledge base and skills of researchers 
in both technical and biological areas allow for further 
development of models of cross-immunity, using more 
complex deep learning techniques.
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