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Abstract

Currently, the estimated value of the effective reproduction number (ERN),
which is an index for grasping the COVID-19 infection status, is used for
important planning and evaluation of infection prevention measures. Since
ERN in the Sequential SIR model fluctuates in multiple dimensions due to
changes in the surrounding environment, it is difficult to set the appropriate
accuracy of the uncertainty region of the estimated data. The challenge in this
study is to build a mathematical model of infectious disease according to the
characteristics and data characteristics of the infectious disease and select an
appropriate estimation method. Highly accurate quantitative research that
analyzes the validity of “how infectious diseases prevail” from an academic
point of view is the key to prediction and estimation in appropriate infection
situation analysis. In this study, we adopted a statistical multivariate analysis
method (T method) that enables evaluation and prediction of important fac-
tors related to ERN estimation and analysis of phenomena that change in real
time (time series analysis). It was clarified that it is possible to estimate with
higher accuracy by applying the T method to the estimated value of ERN by
the current SIR mathematical model.
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1. Introduction

Currently, the infectious disease sequential SIR model, which expresses various
phenomena by ordinary differential equations, plays an important role in the
ongoing fight against COVID-19 and various other viral infections around the
world. The purpose of the sequential SIR model is to eradicate the infection if it
occurs in a population that was previously uninfected, whether it causes a sus-
tained increase in the number of infected people. It is an infection situation
analysis such as what kind of intervention is effective. An important index for
developing infection status analysis is the effective reproductions number. The
effective reproductions number is an index showing “how many people are in-
fected by one infected person on average”. The higher this number is, the more
rapidly the infection is spreading, and if the period of less than 1 continues, it
can be said that the infection is converging. This estimated effective reproduc-
tions number is used for important planning and evaluation of infection preven-
tion measures implemented.

The estimated effective reproductions number depends largely on virus infec-
tivity. The coefficient of determination fluctuates in multiple dimensions due to
changes in the environment (human intervention such as behavioral restriction,
differences in the surrounding environment such as climate change, and an in-
crease in the number of immune carriers as the infection progresses). Therefore,
there is an academic problem that it is difficult to set the appropriate accuracy of
the uncertainty region of the estimated data. In this study, we propose a new in-
fection situation analysis method by highly accurate quantitative analysis apply-
ing multivariate analysis method regarding the validity of how the infectious

disease spreads.

2. Basics of Infectious Disease Mathematical Model

In pandemic under emerging infectious diseases such as COVID-19, pandemic
data analysis and scenario analysis with infection mathematical model are im-
portant evidence that forms the nucleus of the policy decision. The infectious
disease mathematical model describes the spread of infectious diseases in a pop-
ulation with mathematical formulas. Mathematical epidemiology of infectious
diseases is a research field with a long history dating back to the 18th century,
but in recent years, with the development of computer processing power and
computational statistics, research methods for its social implementation have
dramatically advanced [1]. Although it has been rarely taken up in Japan until
now, it is a research field that has attracted attention due to the worldwide pan-
demic of COVID-109.

In this section, in addition to the epidemiological findings of COVID-19, the

basic concept of the mathematical model of infectious diseases is described.

2.1. Sequential SIR Model

The basic mathematical model that captures the pandemic dynamics of infec-
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tious diseases that propagate directly from person to person is called “Kermack
and McKendrick (1927)”, and is also called the “SIR model” from the variables S,
I, and R. Each letter of SIR is an acronym for English, dividing the population
into three compartments, susceptibility, infectivity, isolation and recovery, ac-
cording to the stage of infection, and the temporal changes in the status of infec-
tion. It is a bottom-up model [2]. Figure 1 shows a schematic diagram of the SIR
model. The simplest SIR model is described by the ordinary differential equation
shown in Equation (1).

dsd—?):—ﬂs (O1(1)
dld—(tt)zﬂs(t)l(t)—yl (t) M

Here, 8(9), K#), and R(?) represent the proportion of susceptible, infected, and
recovered/quarantined individuals at a given time in the population. Bis a coef-
ficient representing the infection rate per unit time. S/(# gives the force of infec-
tion at time t. In other words, when the population is constant, the infectivity
that is a hazard is proportional to the number of infected people in the popula-
tion. yis the rate of removal by recovery or quarantine per unit time, and the re-
ciprocal y! gives the average infectivity period from infection to recovery or qu-
arantine.

Here, by transforming the second Equation (1), the following Equation (2) is
obtained.

d'd—(tt) =(AS(1)-7)1(1) @
when the number of newly infected people is increasing, fS(#) — y> 0, which is a
condition for infectious disease pandemics. Furthermore, this Equation (2) can
be transformed into SS(#/y > 1. At time 0, since all members of the population
are susceptible populations, $(0) = 1 can be set, and f/y is the threshold for in-
fectious disease pandemics. This value is called the basic reproduction number
(R,), which is cited as an index of the strength of virus infectivity and is given as
a reference value at the initial stage of infection.

2.2. Basic and Effective Reproduction Numbers

Basic reproduction number (&) is the most basic index of infectious disease in
infectious disease epidemiology. Interpreted as the average number of secondary

infections that a typical infected person reproduces during the infectious period

Bl y

Figure 1. Schematic diagram of SIR model.
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in a population that is all susceptible to an infectious disease. If the basic repro-
duction number is greater than 1, a large-scale pandemic can occur, but if it is
less than 1, the pandemic disappears spontaneously. Since the value of the basic
reproduction number is related to the population density, social structure, and
contact mode between individuals, the estimated value varies depending on the
situation of the area to be analyzed. The basic reproduction number of COVID-19
in China is estimated to be 1.5 to 3.5 from the data of the early stage of the pan-
demic [3].

It is known that COVID-19 has a high degree of heterogeneity related to sec-
ondary infection, and the distribution of secondary infections reproduced by one
infected person varies widely. In other words, most infected people do not pro-
duce secondary infections, and some infected people become super spreaders,
producing many secondary infections. A study analyzing epidemiological data
outside of China estimated that 80% of infected people originated from a small
number of infected people (~10%) [4]. In addition, there are many asymptomat-
ic and mildly ill patients, and the occurrence of a large number of secondary in-
fections regardless of their severity is one of the factors that make infection con-
trol difficult [5].

On the other hand, as a situation where many secondary infections occur, the
environment where they are densely gathered in a closed space has been clarified
from the observation data [6]. It is also an infectious disease that can suppress
the pandemic by thoroughly avoiding such an environment. The number of re-
productions under the implementation of countermeasures is called the effective
reproductions number (hereinafter referred to as ERN), and setting the ERN to 1
or less is a guideline for infectious disease control. The basic reproduction num-
ber (R,) can be decomposed and considered as shown on the right side of Equa-
tion (3) [7] [8] [9].

R, =chd (3)

Here, c is the average number of effective contacts (rate) that one person
makes effective contact per unit time, b is the probability of infection from in-
fected person to susceptible person per effective contact, and d'is the average in-
fectivity period. ERN (Ry) is expressed by the following Equation (4), where p (0
<p < 1) is the effect coefficient (decrease rate) of infectivity due to measures
against infectious diseases such as wearing a mask, washing hands, and reducing

contact.

Sp S
R =——(1-p)=—(1-p)R 4
The estimated value of R, from Equation (4) largely depends on the virus in-
fectivity R,. However, y, £, and p are unknown coefficients that fluctuate due to
changes in the environment (human intervention such as behavioral restriction,
differences in the surrounding environment such as climate change, and an in-

crease in immune carriers as infection progresses). In this respect, there is a
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practical problem that it is difficult to set the appropriate accuracy of the uncer-
tainty region of the estimated data [10].

Intervention effect Vaccination also can be considered similarly. Let the total
population be 1 and the vaccination ratio of the population be x. Assuming that
the vaccinated person can be uniformly immunized, ERN (R,) can be expressed
by replacing the right-hand side p of Equation (4) with x. Conditions for infec-
tion eradication is to ERN (Ry) is below 1, (1-x)R, <1. The ratio (1-1/R,)
when this equation is solved for x is called the critical immunity ratio and is of-
ten used as the target value for the vaccination rate [11].

When actually monitoring ERN using observational data in an infectious dis-
ease pandemic, various reporting biases need to be considered. A typical exam-
ple is the delay in the time from infection until the test is actually positive and
the person is reported as infected. Since the number of infected persons current-
ly observed is less than that of actual infected persons, the current situation is

that the reporting delay is adjusted by statistical estimation [12].

3. Introduction of Multivariate Analysis Method

The purpose of this study is to analyze the validity of “how infectious diseases
prevail” from an academic point of view. By building a new infection situation
analysis with accurate quantitative analysis, it can create a permanent infection
prevention plan. In this study, we propose a new statistical mathematical model
of infectious diseases that combines the SIR model in infection situation analy-
sis with the multivariate analysis method that enables appropriate prediction
and estimation. Multivariate analysis is a general term for methods that statis-
tically analyze data consisting of multiple variables [13]. In particular, MT sys-
tems (hereinafter referred to as MTS) that combine quality engineering and
theory based on statistical mathematics are widely applied in the fields of science
and technology such as pattern recognition, prediction/estimation, and inspec-
tion. It is characterized by being able to evaluate important factors related to
prediction and estimation and process multidimensional information.

MTS is a mathematical and method system for pattern recognition and pre-
diction in quality engineering (Taguchi method). In addition to the MT method
based on statistical mathematics, it includes a unique feature extraction tech-
nology, so it is a system that emphasizes practical use rather than simply multi-
variate data analysis theory. Figure 2 shows the method components of MTS [14]
[15].

(a) Mathematical pattern recognition: MT method, RT method.

Both MT/RT methods are methods for pattern recognition. As a common
point, the normal group is used as a reference (unit space), and the difference in
pattern from that is calculated as the distance. A large distance indicates that it is
far from the reference pattern. The difference is that the MT method has the
highest pattern recognition accuracy and may be regarded as one of Al (Artifi-

cial Intelligence). In the RT method, the scale of unit data is 2 x 2, regardless of
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RT-Method MT-Method

T-Method
Waveform
features

Figure 2. Method components of MTS.

(a) Pattern recognition

(b) Prediction / estimation

(c) Feature extraction

the number of variables. Therefore, it is effective when the number of patterns to
be recognized such as character recognition is large [16].

(b) Mathematical prediction/estimation: T method.

Similar to multiple regression analysis, the T method is a means for predicting
and estimating output values (objective variables) from multivariate data (ex-
planatory variables). It has the advantage that there is no instability or impossi-
bility of calculation when the number of samples is small and the multi-colli-
nearity problem, which is a weak point of multiple regression analysis.

(¢) Feature value extraction.

In pattern recognition for waveforms and images, the success or failure of
feature extraction technique determines. MTS includes feature extraction tech-
nique called “variation value” and “abundance value” from these patterns. Al-
though it is a simple method, it often has better anomaly detection sensitivity
than frequency analysis when targeting waveforms. It is also used as an exten-
sion for image inspection, etc., and by using it in combination with the MT me-
thod; it is possible to obtain faster and more sensitive results than conventional
technology [17].

In this study, we adopt the “T method” which is a method for estimating out-
put values from multivariate data in MTS. The T method is a mathematical me-
thod that estimates the output value in the same way as multiple regression
analysis. Comprehensive estimation is performed from the relationship between
each item and the output value by the method of estimating the output value

from multiple item variables [18] [19].

3.1. Computation Formula for the T Method

The T Method defines the Unit Space where the output value is in the medium
position and homogeneous (densely populated). The computation procedure of
the T Method is explained below [20] [21].

3.2. Definition of the Unit Space and Computation of the Average
of Relevant Items and Outputs

Let’s suppose that, as shown in Table 1, n number of data have been obtained
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Table 1. Data for the unit space and average values of the items and outputs. All the items
of the data must be in same dimension as image density or must be no dimension data.

Item/variable
Data No. 1 2 . k Output value
1 X, X, X N
2 X, X, . X »
n X, X, Xop Va
Average X, X, X, y=M,

for the Unit Space. All the items of the data must be in same dimension as image
density or must be no dimension data. From the n number of samples in the
Unit Space, we find average values x,X,,---,%, and average output value

¥ =M, for all items. Accordingly, the average values work out as follows:

1 .
=20y 40, (2120 ©

- 1
Y=Mo=—(Yty,+:+Y,) (6)

Table 1 also shows these average values. One of the average values obtained
from the n members of the Unit Space is the center of the Unit Space.

3.3. Definition of Signal Data

All data items marked / left unselected for the Unit Space are treated as Signal
data. Signal data is shown in Table 2. “Signal data” refers to all data used for
finding the proportional coefficient fand SN ratio 7.

3.4. Normalization of Signal Data

Signal Data is normalized using the average values of items and the output val-
ues of samples in the Unit Space. Normalization is performed by subtracting the
average value X_J of item ; in the Unit Space from value x{ of item /j of the
i-th Signal Data.

Xi =X =% (i=12,+,1;j =12, k) (4)

Likewise, normalization is performed by subtracting average value M, of the

output from the Unit Space from output value Yy, of the i-th Signal Data.
M, =y —-M, (i=12,---1) (8)

Normalized Signal data is shown in Table 3.

3.5. Computation of Proportional Coefficient f and SN Ratio
(in Duplicate Ratio) for All Items

We will next compute proportional coefficient S and SN ratio 5 for all items.

How the computation is performed is explained with item 1 as an example:

DOI: 10.4236/jamp.2022.102033 431 Journal of Applied Mathematics and Physics


https://doi.org/10.4236/jamp.2022.102033

E. Toma, Y. Kobayashi

Table 2. Signal data. “Signal data” refers to all data used for finding the proportional
coefficient fand SN ratio 7.

Item/variable
Data No. 1 2 k Output value
1 X1y X1 X Vi
2 Xo1 X2 X 1A
1 Xy Xi, Xie vi

Table 3. Normalized signal data. Signal data is normalized using the average values of
items and the output values of samples in the unit space.

Item/variable
Data No. 1 2 k Output value
1 X, X, Xy M,
1 X, X, X, M

Proportional coefficient:

_ M Xy + M X+ MK

A . 9
SN ratio:
1
?(Sﬂl _Vel)
n = T (When Sﬂl >Vel) (10)
0 (When Sy sVel)
where:
Effective divider:
r=MZ+M2+.--+M? (11)
Total variation:
Sr=XG+Xa++Xp (f=1) (12)
£ Degree of freedom
Variation of Proportional term:
2
(M, Xy + M, X, +--+ M, X,,)
Sp = ; (f=1) (13)
Error variation:
Selstl—Sﬁl(f =1-1) (14)

Error variance:
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S
vV, =—4 15
el I—l ( )

From item 2 up to item %, we will likewise find proportional coefficient S and

SN ratio 7. This operation yields the results that are shown in Table 4.

3.6. Computation, Signal by Signal, of Integrated Estimate Value
M of Output

An jtem-by-item estimated value is found for each piece of Signal Data using the
proportional coefficient fand SN ratio 7, item by item. The estimated value of

the output of item 1 for the /-th Signal Data is:

M, =2 (16)

An estimation is likewise made of item 2 through item I for the i-th Signal
Data. And finally an integration of the result is performed by weighting it with
1,1, 1, Which is the estimated measure of precision of each item. Thus, the

integrated estimate value M, of the output of the i-th Signal Data becomes:

il Xi2 ik

X
mx +772X ++T7kX
I i B (i=1,2,-1) (17)

I T+, + -+

Table 5 shows the real values (measured values) of the Signal Data
M,,M,,---,M, and the integrated estimate values M,,M,,---,M,.
3.7. Computation of Integrated Estimate SN Ratio

The Integrated Estimate SN Ratio is computed using the following equation
based on Table 5. The result of the computation will be used in Section 3.8

“Evaluation of the Relative Importance of an Item” comes up as the next step.

Table 4. Proportional coefficient fand SN ratio 7, item by item.

Item/variable
p.n 1 2 k
Proportional f} B 5 B
SN ratio 7 m 1, »

Table 5. Measured values and integrated estimate values of signal data.

Data No. Measured value Integrated estimate value
1 M, M,
2 M, M,
1 M, M,
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Integrated Estimate SN Ratio:

L(s,-v.)
r
1 =10log,, | +———— |(db) (18)
Ve
where:
Linear equation:
L=M,M, +M,M, +---+ MM, (19)
Effective divider:
r=MZ2+M2+---+M? (20)
Total variation:
S, =MZ+MZ+--+MZ(f =1) (21)
Variation of proportional term:
LZ
s, =—(f=1) (22)
r
Error variation:
Se:ST—S/}(f:I—l) (23)
Error variance:
S
V,=—2% 24
el | _1 ( )

3.8. Evaluation of the Relative Importance of an Item

The relative importance of an item is evaluated in terms of the extent to which
the Integrated Estimate SN Ratio deteriorates when the item is not used. For the
evaluation, a two-level orthogonal array (4 x prime version of the two-level se-
ries is advisable) is used. Use of an orthogonal array allows a comparison to be
made of the SN ratio 7 of the integrated estimate under various conditions [22].
Let’s suppose we have 11 items before us, X, X,,---, X;;. We assign the 11
items to Columns 1 to 11 in Table 6. Where the two levels of the orthogonal ar-
ray mean the following:

Level 1: Item will be used.

Level 2: Item will not be used.

In Test 1, with all Columns, Column 1 through Column 11, being on Level 1,
it is shown that items X, X,,--+, X;; will all be used, and that the SN ratio (db)
of the integrated estimate works out to 7,. Note in passing that the SN ratio 5
(db) of the integrated estimate computed is used for 7, in Table 6. In Test 2,
with Columns 1 through 5 being on Level 1, it is shown that five items,

X1 Xy, X will be used and that the SN ratio (db) of the integrated estimate
come out to be 7,. In the same manner as in Test 12, it is shown that, with

Columns 3, 4, 6, 8, and 11 being on Level 1, five items, X;, X,, X4, Xg, X, , are
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Table 6. Orthogonal array L12 and assignment of items.

Item No. Integrated

X X X X X, X,; estimate SN
Ratio 7 (db)

=
=
=
=
=

z,
]

—
&}
w
'S
(&}

6 7 8 9 10 11

1 1 1 1 1 1 1 1 1 1 1 1 A
2 1 1 1 1 1 2 2 2 2 2 2 1,
3 1 1 2 2 2 1 1 1 2 2 2 4
4 1 2 1 2 2 1 1 1 2 2 2 Un
5 1 2 2 1 2 2 1 2 1 2 1 175
6 1 2 2 2 1 2 2 1 2 1 1 s
7 2 1 2 2 1 1 2 2 1 2 1 7;
8 2 1 2 1 2 2 2 1 1 1 2 g
9 2 1 1 2 2 2 1 2 2 1 1 1y
10 2 2 2 1 1 1 1 2 2 1 2 Tho
11 2 2 1 2 1 2 1 1 1 2 2 i
12 2 2 1 1 2 1 2 1 2 2 1 v

used, and the SN ratio (db) of the integrated estimate work out to be 7,,. With
regard to the SN ratio of the integrated estimate, we find the difference between
the averages of the SN ratio for Level 1 (with the items to be used) and that for
Level 2 (with the items not to be used), item by item, and on that basis deter-

mine the relative importance of the items.

4. Statistical Analysis of COVID-19 Analysis of Infection
Status

Figure 3 shows the transition in the number of new coronavirus infections of
Tokyo and Hokkaido in japan from June 2020 to the end of June 2021. In Tokyo,
the waves spread of infection in this period has occurred three times. Especially
in the third wave during the winter season (November 2020 to the end of Febru-
ary 2021), the new COVID-19 cases per day exceeded 2000 and the infection
spread rapidly. An important index for analyzing the infection status is ERN (&)
in the sequential SIR model. In this study, we apply the T method to the sequen-
tial SIR model in the infection situation analysis and verify the estimation accu-
racy of ERN and the new COVID-19 cases during the period when the infection
is spreading.

In addition, to clarify the important factor and its contribution according to
the prediction and estimation of the infection situation, in the fourth wave of the
period from April to June 2021, domestic infections due to the influx of variant

type virus from overseas are rapidly expanding [23] [24].

4.1. ERN Change Point Analysis by Variant Type Virus

In the fourth wave which is the period from April to June 2021, domestic infections
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Figure 3. June 2020-June 2021 Tokyo/Hokkaido Transition of the new COVID-19 cases. In Tokyo, the waves spread of infection

in this period has occurred three times.

due to the influx of variant type virus from overseas are rapidly expanding. In
particular, infection with variant type virus during this period in Hokkaido is
spreading rapidly. In this section, we analyze the correlation between important
items that affect the spread of infection and ERN (R,) estimated by the T me-
thod, and the change point in the infection status.

Table 7 shows the signal data and items of the 4th wave of Hokkaido from
April to June 2021 and the basic data of ERN (R, in SIR). In estimating the ob-
jective variable ERN (R;in T-Method), the explanatory variables are the number
of infected persons (I), recovers (R), PCR test (PCR), needs treatment (Nt), posi-
tive rate (P), severely ill (Se), deceased (De) which are characteristic data of in-
fectious diseases and 13 items including 6 items of infection day (W), wind ve-
locity (V), temperature (T), precipitation (Pr), humidity (H), atmospheric pres-
sure (AP) which are environment/weather related data. The basic data is quoted
from “Toyo Keizai Online “Coronavirus Disease (COVID-19) Situation Report

in Japan” and Japan Meteorological Agency online data.

4.2. ERN (Rs/Ry) Correlation Verification

Table 8 shows the ERN estimation results (measured value Rgestimated value
R;) by the T method. As shown in the correlation distribution in Figure 4, some
correlation can be confirmed in the estimation result R/ R, Table 9 shows the
calculation process of the integrated estimate SN ratio 7 (db).

Table 10 and Figure 5, Figure 6 shows the percentage of contribution and the
factor-effect diagram of the items that are valid and that are not valid for the inte-

grated estimate of ERN calculated from the SN ratio difference. In the integrated
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Table 7. Data for Hokkaido April-May 2021 items and output values (ERN: R, in SIR). It shows the signal data and items of the
4th wave of Hokkaido from April to June 2021 and the basic data of ERN (R, in SIR).

Infectious properties items Environmental items Output
Symbol w I R PCR Nt P Se De \4 T Pr H AP R

Data No. 1 2 3 4 5 6 7 8 9 10 11 12 13 (in SIR)
04/01/21 5 57 96 2951 0 1.9 1 3 3.7 7.4 0 64 6.4 1.02
04/02/21 6 57 64 2258 0 2.5 3 2 3.4 8.4 0 49 5.1 1.01
04/03/21 7 66 33 2435 33 2.7 1 0 3.6 9.1 0.5 75 8.7 1.00
04/04/21 1 53 31 1636 22 3.2 0 0 3.6 6.3 5 72 6.9 0.94
04/29/21 5 234 130 5867 102 4.0 1 2 2.4 12.8 0 61 8.8 1.33
04/30/21 6 187 67 2763 116 6.8 0 4 59 7.7 335 86 9.1 1.28
05/01/21 7 180 158 2493 21 7.2 1 1 6.2 7.2 2 77 7.8 1.24
05/02/21 1 326 69 4408 251 7.4 0 6 6.2 6.1 4.5 77 7.2 1.39
05/03/21 2 114 132 2751 0 4.1 -1 4 6 5.6 9 82 7.5 1.31
05/04/21 3 233 128 2388 100 9.8 0 5 3.9 8.5 0 71 7.8 1.37
05/05/21 4 181 67 2308 112 7.8 1 2 8.2 11.9 0 70 9.8 1.25
05/30/21 1 288 298 4470 25 6.4 0 15 2.8 13 0 79 11.8 0.81
05/31/21 2 279 423 4243 -163 6.6 -1 19 6.2 10.4 0 71 8.9 0.79

Table 8. Measured values (R,) and integrated estimate values (R;) of ERN.

Integrated estimate value

Data No. Measured value (SIR) R, (T Method) R,
04/01/21 1.02 1.01
04/02/21 1.01 1.04
04/03/21 1.00 1.08
04/30/21 1.28 1.23
05/01/21 1.24 1.24
05/30/21 0.81 1.13
05/31/21 0.79 0.89
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Table 9. Calculation process of the integrated estimate SN ratio 7 (db) in estimation of ERN.

Item No. 1 2 3 4 5 6 7 8 9 10 11 12 13
Item Name w I R PCR Nt P Se De A\ T Pr H AP

Variation of

. 0.7 2.0E+05 9.0E+03 5.0E+06 4.0E+05 98.0 2.0 11.0 1.0 230 25.0 87.0 0.0
proportional term S

Error variation S, 200.0 3.0E+06 1.0E+06 2.0E+08 1.0E+06 475.0 343.0 860.0 165.0 949.0 3925.0 18,946.0 872.0
Error variance V, 4.0 6.0E+04 3.0E+04 4.0E+06 3.0E+04 9.0 6.5 162 3.1 179 741 357.4 16.5

Proportional

) -1.0 326.0 —-62.0 1464.0 407.0 6.6 0.8 2.2 0.6 3.2 -3.4 —-6.2 0.0
coefficient g

SN ratio n -0.4 1.4 -0.3 0.1 5.5 44 -03 -01 -04 01 -0.3 -0.3 -0.5

Table 10. Diagnosis results to the 2021 April over May of ERN. This means that the characteristic items of infectious diseases and
environmental and meteorological items are important factors to be considered in estimating ERN.

Item No. 1 2 3 4 5 6 7 8 9 10 11 12 13
Item symbol w I R PCR Nt P Se De v T Pr H AP
Level 1 5.57 5.53 4.82 4.57 7.72 6.56 5.54 7.32 501 6.31 4.71 6.42  4.87
Level 2 5.46 5.51 6.21 6.46 3.31 2.94 5.49 522  6.02 4.72 6.32 4.62  6.16

Contribution (db) 0.11 0.02 -1.39 -1.89 441 362 0.05 210 -1.01 159 -1.61 180 -1.29

Contribution of

Infectious 8.03 Contribution of
. . 10.2db positive rate (P) and ) . 3.5db
disease feature items db  environmental items
Integrated needs treatment (Nt)
estimate 13.7 db Ratio of infectious . . .
SN ratio di it ¢ Ratio of P and Nt Ratio of environmental
isease items to
. 75% items to the integrated 59% items to the integrated 25%
the integrated . . . .
estimate SN ratio estimate SN ratio

estimate SN ratio

2.00
y = 0.9823x

180 R? = 0.782

1.60
1.40
1.20
1.00
0.80
0.60

estimated value (R,)

0.40
0.20

0.00
0 0.5 1 1.5 2

measured value (Ry)

Figure 4. Correlation distribution of measured values (R,) and integrated estimate values
(R;) of ERN. Some correlation can be confirmed in the estimation result R/ R
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Items with the contribution contribute to raising the estimated value of ERN.
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Figure 6. Factor effect diagram.

estimate SN ratio (13.7 db) of ERN (R;), the contribution of environmental and
meteorological items is 3.5 db, and the percentage to the integrated estimate SN
ratio is 25%. On the other hand, the contribution of the characteristic items of
infectious diseases is 10.2 db, and the percentage to the integrated estimate SN
ratio is as high as 75%. This means that the characteristic items of infectious
diseases and environmental and meteorological items are important factors to be
considered in estimating ERN.

In particular, the total contribution of item No. 5 need treatment (Nt) and No.
6 positive rate (P) are 8.03 db, accounting for 59% of the integrated estimate SN
ratio. From this, it can be inferred that the No. 5 need treatment (Nt) and No. 6
positive rate (P) are items that have a strong influence on the spread of infection
in the estimation of ERN (R)).

Figure 7 is a transition graph comparing and verifying the R/ R estimates for
Hokkaido (April-May 2021). During this period, both R;and R, can be seen as

DOI: 10.4236/jamp.2022.102033

439 Journal of Applied Mathematics and Physics


https://doi.org/10.4236/jamp.2022.102033

E. Toma, Y. Kobayashi

2.5

y = 8E-154 e0-008x

ERN

—o—SIR
——T-Method

0.5

- - —-Exponential (SIR)
- - -Exponential (T-Method)

y= 5E_19e0.001x

0

Y Y Y
o X
© o o°

N d

g & 0 \,\,9, %\,9, <,,\"> /\\,‘/\, o,\"’\’
&

AV o
S @Y WD WP Y Y
NN NN SN

PO
w\"v

I S S ST T VAL SV SV SV SV SN S S
P o o o o o A P P P
S PSS o G AV G B P o G
PSS PSS S S

Y Y Yy >3 >3 >3 >3
\\ ,{/),\q/ ,{,\"’ w’\\"’ ,f,\"’ QN\"' \\
FOMPRERNGRNER

Dates

Figure 7. Hokkaido ERN (April-May 2021) RJ/R; Comparison Transition. During this period, both R; and R, can be seen as

spreading.

spreading. In particular, since late April, the estimated R, for R;has increased by
20 %, indicating that the infection has turned to a rapid spread. In Japan, it is a
time when infections with variant type virus, which have strong infectivity and
are likely to become severe, have spread in place of conventional virus. This
means that the estimated value of ERN (R;) enables more accurate diagnosis in
the analysis of infection status.

Figures 8-10 shows the correlation between the change in need treatment
(Nt), positive rate (P), humidity (H) and ERN (R;) during the period from April
to the end of May in Hokkaido. The number of need treatment due to the onset
in Figure 8 has increased sharply since the beginning of May, and ERN (R,) has
also been on the increase at the same time, confirming a strong correlation. In
addition, the positive rate (%), which indicates the ratio of the number of in-
fected persons to the PCR test in Figure 9, and ERN (R;) tended to increase ra-
pidly at the same time, confirming a strong correlation. Furthermore, the hu-
midity (%) and ERN (R,) in Figure 10 are correlated with the 5-days moving
average (incubation period). From the results of this analysis, it can be judged
that the variant type virus, which has strong infectivity and is likely to become

severe, is the main cause of the spread of infection during this period.

4.3. Verification of Estimation Accuracy of the New COVID-19
Cases in Rs/Rr

Figure 11(a), Figure 11(b) show the results of comparing the correlation be-
tween the estimated/actual number of the new COVID-19 cases in Hokkaido
from April to May in ERN (R and R;). These are the analysis results in which
the items (12 items) as when estimating ERN by the T method are applied and
the objective variable that is the output is the number of new COVID-19 cases.
However, the positive rate is the ratio of the number of infected persons to the
number of PCR tests, and is excluded from the estimated items of the number of

infected persons. From this analysis results, in estimating the new COVID-19
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Figure 8. ERN (R,) and (Nt) correlation diagram from April to May 2021 in Hokkaido. ERN increases in proportion to needs
treatment. It is necessary to improve the vaccination rate and strengthen the medical system.
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Figure 9. ERN (R,) and (P) correlation diagram from April to May 2021 in Hokkaido. ERN increases in proportion to the positive
rate. Measures to increase the number of PCR tests are required.
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cases in ERN (R;and R,), the coefficient of determination (&) which is an index
showing the explanatory power of the estimated value with respect to the meas-
ured value of the objective variable (the new COVID-19 cases), R, is 1.1 times
more significant than R [Rz =0.8698(R, ) <0.9670(R; ) = 1.1] .

The results of regression analysis for each item on the estimated number of new
COVID-19 cases are shown in Table 11 and Figure 12, Table 12 and Figure 13.

3 180

[ERN (Ry) and Humidity (H) ] | 160
25 { are correlated. J
\\ f 140
2 N N 120
- 100
2
e 15 A =< = 11
w YAl s | 80w Humidity (H)
1 . f ' —m—ERN (RT,
1 4~ < PR i 60 (RT)
T \ A - - -Moving average
b 40
0.5
- 20
0 0
4 N N N N Yy N N 4 N N N N Ny N N N N N N N Yy N N N N N N N N "2
SR U G N U IR U G N G R U\ G N G P U A RS U I U I N U P G G N
SV P o g o o S g g e S g T T T T T T T P
Dates
3 y =0.021x - 0.0059
25 R?=0.6801 o
—_ . [
<’ © gniore
15 ol 4 o
£ 1 ‘..w‘" s
w B °
0.5
0
0 20 40 60 80 100 120
H

Figure 10. ERN (R,) and (H) correlation diagram from April to May 2021 in Hokkaido. ERN increases in proportion to humidity.
Humid environment affects the spread of infection. It is necessary to take measures while paying attention to fluctuations in hu-
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Figure 11. Correlation of estimated/actual the new COVID-19 cases in Hokkaido from
April to May in ERN (R, and R;). From this analysis results, in estimating the new
COVID-19 cases in ERN (R, and R,), the coefficient of determination (&) which is an
index showing the explanatory power of the estimated value with respect to the measured
value of the objective variable (the new COVID-19 cases), R, is 1.1 times more significant
than R, [ = 0.8698 (R,) < 0.9670 (R;) = 1.1]. (a) In the ERN (Rg SIR); (b) In the ERN
(R;: T-Method).

Table 11. Regression coefficient for the estimated number of the new COVID-19 cases for each item in the R; April-May.

Item No. 1 2 3 4 5 6 7 8 9 10 11 12 I
Item symbol w R R PCR Nt Se De \% T Pr H AP
Average 4.0 1.2 157 3831 119 0.6 6.0 4.3 10.6 3.1 65.4 8.5 278

Standard deviation 2.0 0.2 157 1798 177 2.4 4.2 1.5 4.0 7.7 15.1 3.2 210

Regression coefficient 9.8 327.5 0.7 0.1 0.8 16.7 273 —-413 411 -2.0 42 504 0

Regression statistics Analysis of variance Freedom Variation Variance
Multiple correlation R 0.32 Regression 1 275,828 275,828
Multiple decision R 0.10 Residual 59 2,360,800 40,014
Correction R 0.09 Coefficient Standard error P-value
Standard error 200.0 Intercept 2.3E-13 25.6 0.56
Number of observations 61 Xvalue 1 327.5 124.7 0.01

Table 12. Regression coefficient for the estimated number of the new COVID-19 cases for each item in the R, April-May.

Item No. 1 2 3 4 5 6 7 8 9 10 11 12
I
Item symbol w R, R PCR Nt Se De v T Pr H AP
Average 4.0 1.5 157 3831 119 0.6 6.0 4.3 10.6 3.1 65.4 8.5 278

Standard deviation 2.0 0.4 157 1798 177 2.4 4.2 1.5 4.0 7.7 15.1 3.2 210

Regression coefficient 9.8 498.7 0.7 0.1 0.8 167 273 -413 411 -2.0 4.2 50.4 0
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Regression statistics Analysis of variance Freedom Variation Variance
Multiple correlation R 0.85 Regression 1 1,916,109 1,916,109
Multiple decision R 0.73 Residual 59 720,519 12,212

Correction R 0.72 Coefficient Standard error P-value
Standard error 110.5 Intercept —5.9E-14 14.2 0.86
Number of observations 61 Xvalue 1 498.7 39.8 2.9E-18
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Figure 12. The new COVID-19 cases in the R contribution.
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Figure 13. The new COVID-19 cases in the R, contribution. As a result of comparing and verifying the contribution of R;and R,
to the estimated number of new COVID-19 cases by the regression coefficient, it can be inferred that R, has 1.5 times higher esti-
mation accuracy [Ry= 327.5, RT=498.7 > R,/R;=1.5].

Regression is the application of the model Y = f(X) to data when Y'is a conti-
nuous value in statistics. In other words, fit the model between the dependent
variable (objective variable) Y and the independent variable (explanatory varia-
ble) X on the continuous scale. If X is one-dimensional, it is called simple re-

gression, and if X is two-dimensional or more, it is called multiple regression.
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Regression analysis is to analyze by regression. The most basic model used in
regression is a linear regression of the form Y = AX + B. In regression analysis,
the formula expressing the relationship between the independent variable and
the dependent variable is estimated by a statistical method.

As aresult of comparing and verifying the contribution of Rgand R to the es-
timated number of new COVID-19 cases by the regression coefficient (A), it can
be inferred that R, has 1.5 times higher estimation accuracy [Ry = 32747, R, =
498.73 » R,/Ry=1.5].

This indicates that R, has a better linearity and a stronger correlation than R
in estimating the new COVID-19 cases in ERN (R; and R;). It also means that
the application of the ERN (R;) estimate by the T method enables a more accu-
rate estimate of the new COVID-19 cases.

5. Conclusions

ERN is considered to be the criterion for the spread of COVID-19 worldwide.
However, it is an estimated value that is easily affected by the number of PCR
tests, the basic reproduction number, and changes in infectivity due to variant
type virus. In the analysis of the infection status by the sequential SIR model, it is
possible to analyze and evaluate as a relative value to some extent, but it is diffi-
cult to analyze and evaluate as an absolute value.

It is an important index for infection control whether it is possible to identify
infected persons (affected persons) at a time when the amount of virus is ex-
tremely high and infectivity is high (early onset) and to isolate (including volun-
tary isolation) them from the primary infection at an early stage. In the sequen-
tial SIR model, it is possible to simulate the infection process of infectious dis-
eases by using the population distribution and the quantified characteristics of
infectious diseases as input data.

However, in the process of generating ERN estimation data, it depends largely
on virus infectivity, and changes the various coefficients related to infectious
diseases in multiple dimensions by the changes in the environment (human in-
tervention such as behavioral restriction, differences in the surrounding envi-
ronment such as climate change, and an increase in immune carriers due to the
development of epidemics, etc.). Therefore, there is a problem that it is difficult
to set the uncertainty (accuracy) region [25] [26].

In this study, we adopted the multivariate analysis method (T method) for the
purpose of further improving the estimation accuracy of ERN in the current se-
quential SIR model. The T method can evaluate and predict important factors
related to estimation and analyze phenomena that change in real time (time se-
ries analysis). As a research result, it was clarified that it is possible to estimate
with higher accuracy by applying the T method to the estimated value of ERN by
the current sequential SIR model. The application of the multivariate analysis
method (T method) can be said to be an effective method that plays an essential

role in infectious disease prevention measures. In addition, by applying the T
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Method, it was clarified that the infectious variables and environmental climate
change variables used during ERN estimation have an important effect on the
estimation accuracy [27] [28].

As a future research subject, in estimating the number of new COVID-19 cas-
es and ERN, we will examine how effective public health interventions (vaccina-
tion, quarantine, contact history survey, etc.) are in controlling infectious dis-
eases. Furthermore, we will approach the construction of a more accurate infec-
tious disease statistical mathematical model by newly introducing various coeffi-
cients related to the infectious disease evaluation items listed below [29] [30] [31]
[32] [33] [34].

Coefficients related to infectious disease evaluation items:
® Regional coefficient: Virus contact rate in the ratio of regional people flow.
® Onset coefficient: Onset coefficient based on amount of virus contact and an-

tibody.
e Medical collapse coefficient: Correlation coefficient between the new COVID-19
cases accepted and the number of infected peoples [35] [36] [37].
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