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Abstract. This paper estimates the state transition of
COVID-19 positive cases by analyzing the data about
confirmed positive cases in Tokyo, Japan. An agent
simulation using the estimated transition probabilities
as its parameters is also proposed. While the predic-
tion of the number of newly infected persons is im-
portant for recognizing the future risk of spreading
infectious diseases, understanding the state transition
after they are confirmed to be positive is also impor-
tant for estimating the number of required ICUs, hotel
rooms for isolation, etc. This paper classifies the state
after being positive into “in hotel/home for isolation,”
“in hospital with a mild state,” “in hospital with a se-
vere state,” “recovered,” and “dead” and estimates the
transition probabilities among those states from the
data about confirmed positive cases in Tokyo, Japan.
The proposed agent simulation predicts the number
of persons in each state using the obtained transition
probabilities and the distribution of the number of
days before moving to the next state as its parameters.
This paper shows the simulation results of predicting
the situation from August to November 2020.
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1. Introduction

This paper analyzes the COVID-19 positive cases data
in Tokyo, Japan and estimates the state transition after be-
ing positive. An agent simulation using the estimation
result as its parameter is also proposed.

Starting from the beginning of 2020, the pandemic of
COVID-19 has given a serious impact on our society all
over the world. Vaccination has shown a positive effect on
infection inhibition and some countries seem to be going
back to normal. Still, considering some negative factors
such as the spread of variants, we have to keep monitor-
ing the pandemic situation and preparing enough medical
systems including ICUs, ECMO, and hotels for isolation.

To prepare for the infection spread in the future, pre-
dicting the number of newly infected persons as well
as understanding the effectiveness of various interven-
tions[1, 2] is important. In addition, estimating the re-
quired resources such as the number of ICUs, beds in
hospitals, and hotel rooms for isolation is also important.

Focusing on such an estimation, this paper aims to under-
stand the state transition after persons are confirmed to be
positive. This paper classifies the state after being positive
into “in hotel/home for isolation,” “in hospital with a mild
state,” “in hospital with a severe state,” “recovered,” and
“dead.” The transition probabilities among those states
are estimated by analyzing the data about confirmed pos-
itive cases in Tokyo, Japan, which are provided by the
Tokyo Metropolitan Government.

This paper also proposes a simple agent simulation
that predicts the number of persons in each of the above-
mentioned states using the obtained transition probabil-
ities and the distribution of the number of days before
moving to the next state as its parameters.

To the best of our knowledge, there are fewer stud-
ies that aim at predicting the number of people in isola-
tion, those in hospitals with a mild symptom, etc. than
those aiming at predicting the number of infected persons.
While Google provides COVID-19 prediction services1

that predict the number of people in hospitals/isolation in
addition to the number of the dead and infected persons,
this paper takes a different approach from it: the state tran-
sition of each agent is determined on the basis of the tran-
sition probability directly estimated from actual data. We
also claim that the estimated probability is not only useful
for the simulation, but also for understanding the charac-
teristics of COVID-19 disease.

This paper is organized as follows. Sec. 2 introduces
the studies relating with COVID-19 in the computer sci-
ence domain. Sec. 3 describes how to estimate the state
transition probability, which is followed by the descrip-
tion of the proposed agent simulation. Sec. 4 compares
the estimated transition parameters obtained from the pos-
itive cases from June to December 2020 with that from
December 2020 to January 2021. Sec. 4 also shows the
results of a simulation that predicts the situation from Au-
gust to November 2020.

2. Related work

As the pandemic of COVID-19 has given a serious im-
pact all over the world, various studies relating to COVID-
19 have been conducted interdisciplinary beyond the med-
ical domain. This section focuses on COVID-19 related

1. https://datastudio.google.com/u/0/reporting/8224d512-a76e-4d38-91c1-
935ba119eb8f/page/ncZpB
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studies in the computer science domain. The author sur-
veyed COVID-19 related papers that were published in
journals/proceedings of conferences in the computer sci-
ence domain using IEEE Xplore and ACM digital library.
This section introduces some of those studies by clas-
sifying those into the following five types. Note that I
excluded the studies about diagnosis such as using deep
learning for medical image diagnosis as those studies be-
long to the medical domain.

1. Prediction of the pandemic

2. Studies using mobility data

3. Application of visualization

4. Analysis of factors affecting the pandemic

5. Studies using social media

Regarding (1), many studies employ mathematical
models such as SIR and SEIR models. SEIR model di-
vides the population into 4 states, susceptible (S), ex-
posed (E), infected (I), and Recovered (R), among which
the relationship is modeled as differential equations. Kia-
mari et al. proposed a time-varying SIR model, in which
the parameters are modified to time-dependent ones[3].
Sedaghat et al. proposed the SEIR-PADC model, which
extends the SEIR model by classifying infected as asymp-
tomatic infected and symptomatic infected[4].

The prediction methods based on time-series analysis
and machine learning have been studied as well. Kumar
et al. verified prediction methods based on LSTM (Long
Short-Term Memory) and ARIMA (Auto Regressive Inte-
grated Moving　Average) model using data of six coun-
tries[5]．Mantoro et al. proposed a scenario-based pre-
diction using SVR (Support Vector Regression) and SIR
model. They analyzed the best case when the current situ-
ation is the peak of the pandemic and the worst case when
the peak will be the same as that of other countries with
more serious situations[6].

The studies belonging to (2) focus on the im-
portance of person-to-person contact to infectious
spread/suppression. Pesavento et al. grouped users by
their home census block group and proposed an agent
simulation that considers the probability of moving from
such blocks to POIs (point of interests)[7]. Bao et al.
proposed COVID-CAN, which estimates the movement
of people under specified conditions such as COVID-
19 severity and local policy interventions[8]. Thakur et
al. proposed a module for detecting hotspots as one of
the functions of a pandemic modeling and analysis plat-
form[9]．

As for (3), Zhang et al. reported the result of survey-
ing 666 cases that visualized COVID-19 related data[10].
Samet et al. proposed CoronaViz, which visualizes the
spatio-temporal trend of COVID-19 data such as the num-
ber of confirmed cases and recoveries[11].

Regarding (4), Wang et al. reported doubling time
and social distancing had a considerable impact on the

spatial pattern of surges in the number of hospital pa-
tients[12]. Su et al. analyzed the factors affecting the spa-
tial distribution of the accumulated number of confirmed
cases using spatial regression model[13]. Berry et al. re-
vealed the effect of mask mandates on the reduction in the
spread of COVID-19 through the comparison of the states
with/without mask mandates in the US[14].

As for studies belonging to (5), Chun et al. applied sen-
timent analysis to tweets data. They used the ratio of neg-
ative tweets as the degree of citizen’s concerns and found
that school closing-related policy caused increasing con-
cerns[15]. Silva et al. also applied sentiment analysis to
ads data collected from Facebook Ads Library and com-
pared the characteristics between different categories such
as political, news, non-profit and public health[16].

3. Analysis of State Transition

3.1. Estimation of State Transition Probability
This paper analyzes the following two types of data that

are provided by the Tokyo Metropolitan Government.

1. Positive Cases Data: data recording confirmed pos-
itive cases, which include gender, age, date when
infection was confirmed, date of hospital admis-
sion/dismission, start/end date of isolation (hotel or
home), date confirmed negative, date of death, etc.

2. Severe Cases Data: data recording patients who
have been severe, which include gender, age, date
when infection was confirmed, date of hospital ad-
mission/dismission, start/end date of using a ventila-
tor/ECMO/ICU, date of death, etc.

The Positive Cases Data contains information about
isolation at hotel/home and hospitalization but does not
contain whether a patient is in a severe state or not. On
the other hand, the Severe Cases Data contains informa-
tion about patients how have been severe. However, there
is no attribute such as ID that ties the same patient in both
data: it is not possible to retrieve the information about
the patients contained in the Severe Cases Data from the
Positive Cases Data. Therefore, this paper estimates the
state transition probability using some approximation. In
the following estimation, it is supposed that all patients
in the Severe Cases Data are also included in the Positive
Cases Data.

Positive cases that satisfy the following conditions are
extracted from the Positive Cases Data.

• in hospital (IHS): patients who have been in a hos-
pital.

• in hotel or home (IHTHM): those who have been
isolated at home or a hotel.

• recover indirect (RID): those who were isolated af-
ter leaving a hospital.

• in hospital indirect (IHSID): those who were iso-
lated before hospitalization.
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• recover (R): those who are already recovered.

Positive cases satisfying the following conditions,
which are the combination of the above-mentioned con-
ditions, are also extracted from the Positive Cases Data.

• in hotel home only (IHTHMO): those who were not
in a hospital but isolated. It corresponds to the con-
dition IHTHM∧¬IHS.

• not hospital direct (NHSD): those who were iso-
lated just after being confirmed positive. It corre-
sponds to IHSID∨ IHTHMO.

• recover direct (RD): those who were recovered just
after leaving a hospital. It corresponds to R∧ IHS∧
¬RID.

• dead direct (DD): deceased persons without being
isolated or in a hospital. It corresponds to the de-
ceased persons satisfying ¬IHS∧¬IHTHM.

Patients satisfying the following conditions are ex-
tracted from the Severe Cases Data. Note that a severe sit-
uation is determined following the definition of the Tokyo
Metropolitan Government: those who are using a ventila-
tor or ECMO are regarded as a severe case. A patient’s
status at the time of admission to a hospital, either severe
or mild, is determined on the basis of the date of hospi-
tal admission and the start date of using a ventilator or
ECMO.

• severe direct (SD): patients who were severe at the
time of admission.

• severe indirect (SID): patients who have been in a
severe state but were not severe at the time of admis-
sion.

• severe (S): patients who have been in a severe state.
It corresponds to SD∨SID.

In addition, the condition of dead (D) is used for both
data.

Fig. 1 shows the state transition supposed in this paper.
The probabilities of state transition Pi j are estimated using
the conditions defined above. An index 0 is assigned to
the state when confirmed positive, 1 to isolation (home
or hospital), 2 to hospitalization with a mild state, 3 to
hospitalization with a severe state, 4 to recovered, and 5
to dead.

In the following equations, n(cond) means the number
of cases that satisfy the condition cond. The nD1 and nD2
mean the number of cases who were confirmed positive
and recovered or died during the specified period in the
Positive Cases Data and the Severe Cases Data, respec-
tively.

3.1.1. State transition from S0

This paper supposes that those confirmed positive are
classified into isolation, hospitalization, or dead: they are
not recovered just after being confirmed as positive.

Isolation

Hospital
(Mild)

Hospital 
(severe)

Recovered

Dead

Confirmed
positive

Fig. 1. State transition.

P01 =
n(NHSD)

nD1
. . . . . . . . . . . (1)

P03 =
n(SD)

nD1
. . . . . . . . . . . . . (2)

P05 =
n(DD)

nD1
. . . . . . . . . . . . . (3)

P02 = 1− ∑
i∈{1,3,5}

P0i . . . . . . . . . . (4)

As the record in both data is not linked as mentioned
above, it is not possible to identify who in the Positive
Cases Data have been with a severe state. Therefore, the
transition from confirmed positive to the hospitalization
in a mild state, P02, is indirectly obtained.

3.1.2. State transition from S1

We suppose that the isolation state (S1) is followed
by either hospitalization (S2,S3), recovered (S4), or dead
state (S5). As mentioned above, it is not possible to dis-
criminate patients with a mild state from those with a se-
vere state. This paper approximately estimates P12 and P13
using the ratio α of patients with a severe state in the Se-
vere Cases Data to all patients in the Positive Cases Data.

α =
n(S)

n(IHS)
. . . . . . . . . . . . (5)

P12 = (1−α)
n(IHSID)

n(NHSD)
. . . . . . . . (6)

P13 = α
n(IHSID)

n(NHSD)
. . . . . . . . . . . (7)

P14 =
n(R∧ IHTHMO)

n(NHSD)
. . . . . . . . (8)

P15 =
n(D∧ IHTHMO)

n(NHSD)
. . . . . . . . (9)

The numerator of P14(P15) is the number of recovered
(dead) people without hospitalization.

3.1.3. State transition from S2

This paper supposes that the hospitalization (mild) state
(S2) is followed by either isolation (S1), hospitalization
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(severe) (S3), recovered (S4), or dead state (S5). For sim-
plicity, these state transition probabilities are obtained by
focusing on the patients who were in a mild state at the
time of admission. That is, those who were in a mild state
after being severe are not considered.

As it is not possible to identify patients who were in a
mild state at the time of admission, the number of such
patients is obtained by subtracting the number of patients
who were severe at the time of admission (obtained from
the Severe Cases Data) from the number of people who
have been in hospitalization (obtained from the Positive
Cases Data). Furthermore, P21 and P24 are indirectly esti-
mated using the ratio β of those who were isolated after
leaving a hospital to recovered people who have been in
hospitalization.

P23 =
n(SID)

n(IHS)−n(SD)
. . . . . . . . . (10)

P25 =
n(IHS∧D)−n(SD∧D)

n(IHS)−n(SD)
. . . . . . (11)

β =
n(RID)

n(RD∨RID)
. . . . . . . . . . (12)

P21 = β (1− ∑
i∈{3,5}

P2i) . . . . . . . . . (13)

P24 = (1−β )(1− ∑
i∈{3,5}

P2i) . . . . . . . (14)

The numerator of P25 is obtained by removing the num-
ber of dead people who were severe at the time of admis-
sion from those who were dead after hospitalization.

3.1.4. State transition from S3

This paper supposes that hospitalization (severe) state
(S3) is followed by either hospitalization (mild) (S2) or
dead state (S5).

P35 =
N(S)∧D

N(S)
. . . . . . . . . . . . (15)

P32 = 1−P35 . . . . . . . . . . . . . (16)

3.2. Agent Simulation
As one of the applications of the estimated probabili-

ties in Sec. 3.1, this subsection proposes an agent simu-
lation, which employs a simple architecture according to
the KISS principle.

Each agent holds the following values.

• yi: age

• ci: current state

• ni: next state

• Di: days to the next state

• di: elapsed days in the current state

The procedure of the simulation is as follows.

1. Initialization: generate an agent population based on
the actual data of confirmed cases on the start date of
simulation.

2. Repeat the following steps every day until the end
day of the simulation.

• Update existing agent’s state
• Add new agents of newly confirmed cases

Considering the age-dependency of COVID-19 sever-
ity, this paper obtains state transition probabilities sepa-
rately for 10s and younger, 20s, 30s, 40s, 50s, 60s, 70s,
and 80s and older. In step 1, the current state of an agent
is determined on the basis of P0i and the agent’s age. The
next state is determined by random numbers on the ba-
sis of Pcini . Di is also determined using the distribution
of elapsed days between states obtained from the data. In
particular, it is determined by uniform random numbers
between Q1 and Q3 of the elapsed days from ci to ni.

The state of an existing agent ai is updated by adding
one day to di unless ci is not either S4 or S5. The following
steps are applied to the agents satisfying di ≥ Di as the
result of updating di.

• Transition to next state: ci← ni

• Reset of ni,Di: determined in the same way as ini-
tialization.

• di = 0

New agents are generated on the basis of the actual data
of confirmed cases on that day and added to the agent pop-
ulation.

4. Result of Analysis

4.1. State Transition Probability
Table 1 – 3 show state transition probabilities estimated

with data from June to December 2020. As this period is
said to be in a relatively stable period after standard treat-
ment for COVID-19 has been established, this paper re-
gards these probabilities as a baseline. Although the prob-
abilities are estimated from the 10s and younger to the 80s
and older as mentioned above, only the probabilities for
the 20s (Table 1), the 50s (Table 2), and the 80s and older
(Table 3) are shown here due to space limitation. In the
tables, a value in a cell shows the transition probability
from the row state to the column state. The symbol “-”
indicates the corresponding transition is not considered in
this paper, and 0* means the value more than 0 and less
than 0.01.

It is shown in Table 1 that most of the 20s were recov-
ered without hospitalization, and never in a severe state
even though they were in hospitals. It is confirmed that the
30s and younger have a similar trend: quite a low proba-
bility of being in a severe state or dead.

Table 2 shows that a part of the 50s got to be in a severe
state, and the probability of hospitalization is higher than

The 7th International Workshop on Advanced Computational Intelligence and Intelligent Informatics (IWACIII2021)
4 Beijing, China, Oct.31-Nov.3, 2021



Analysis and Agent Simulation of State Transition of COVID-19 Positive Persons

Table 1. State transition probability: June–December 2020
(20s).

S1 S2 S3 S4 S5
S0 0.77 0.23 0 - 0
S1 - 0.06 0 0.94 0
S2 0.04 - 0 0.96 0
S3 - 0 - 0 0

Table 2. State transition probability: June–December 2020
(50s).

S1 S2 S3 S4 S5
S0 0.61 0.39 0* - 0*
S1 - 0.17 0* 0.82 0
S2 0.02 - 0.02 0.97 0*
S3 - 0.83 - 0 0.17

the 20s. Furthermore, the probability of being in a severe
state of the 80s are higher than the 50s as shown in Table
3. In particular, about 85% of the 80s and older were
admitted to hospitals just after confirmed positive.

It is found that for the 40s and older, the probabilities of
hospitalization and dead increase with age. In particular,
in the case of the 80s and older, even the transition prob-
ability from hospitalization (mild) to dead is more than
10% as shown in Table 3. It indicates that COVID-19
gives more serious damage to elder people.

Table 4 – 6 show state transition probabilities estimated
with data from December 2020 to January 2021. In this
period, a rapid increase of confirmed cases overwhelmed
medical systems in Tokyo, Japan.

In the tables, the probabilities that are five or more
points larger than the baseline (Table 1 – 3) are shown
in boldface.

It was observed that P01 (transition from confirmed pos-
itive to isolation) increased regardless of age. It was also
observed that P14 (transition from isolation to recovered)
increased in the case of the 50s and the 80s and older.
These findings do not mean the symptom became milder
than before but implies that many confirmed cases could
not be admitted to hospitals due to the shortage of beds
and the delay of the coordination of hospitalization. In ad-
dition, P35 (transition from severe state to dead) increased
in the case of the 80s and older, which indicates the dam-
age to elder people became more serious than before.

Table 3. State transition probability: June–December 2020
(80s-).

S1 S2 S3 S4 S5
S0 0.14 0.84 0.01 - 0*
S1 - 0.54 0.02 0.43 0*
S2 0* - 0.02 0.88 0.10
S3 - 0.56 - 0 0.44

Table 4. State transition probability: December 2020–
February 2021 (20s).

S1 S2 S3 S4 S5
S0 0.87 0.13 0* - 0
S1 - 0.02 0* 0.98 0
S2 0.07 - 0 0.93 0*
S3 - 1.0 - 0 0

Table 5. State transition probability: December 2020–
February 2021 (50s).

S1 S2 S3 S4 S5
S0 0.78 0.22 0* - 0*
S1 - 0.10 0* 0.90 0*
S2 0.02 - 0.02 0.96 0*
S3 - 0.85 - 0 0.15

4.2. Result of Agent Simulation

Fig. 2 – 5 respectively show the results of simulation
for August to November 2020. In the simulation, a base-
line parameter obtained with the data from June to De-
cember 2020 is used. In the figures, actual and predicted
values are shown in black and red, respectively. Note that
the scale of the vertical axis is different according to the
state.

Table 7 shows MAE (mean absolute error) per day in
each month. In the figures and tables, only dead shows
the accumulated number. The MAE in November is larger
than other months, which is because the trend of the end
of November looks different from other months: the num-
ber of patients in severe state considerably increased. That
is, it indicates the possibility that the trend of rapidly in-
creasing confirmed cases started from the end of Decem-
ber.

Table 6. State transition probability: December 2020–
February 2021 (80s-).

S1 S2 S3 S4 S5
S0 0.32 0.65 0* - 0.02
S1 - 0.38 0* 0.58 0.03
S2 0* - 0.01 0.83 0.15
S3 - 0.30 - 0 0.70

Isolation Hospital (mild) Hospital (severe) Dead

Fig. 2. Simulation result: August 2020. Red=predicted
values, black=actual values.
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Isolation Hospital (mild) Hospital (severe) Dead

Fig. 3. Simulation result: September 2020. Red=predicted
values, black=actual values.

Isolation Hospital (mild) Hospital (severe) Dead

Fig. 4. Simulation result: October 2020. Red=predicted
values, black=actual values.

5. Conclusions

This paper showed the result of analyzing the state tran-
sition probabilities of COVID-19 after confirmed positive
in Tokyo, Japan. The results confirmed that COVID-19
is an infection disease that gives serious damage to elder
people. It was also confirmed that the transition from con-
firmed positive to isolation and that from isolation to re-
covered increased from December 2020 to January 2021,
when the rapid increase of confirmed cases was observed.

This paper also proposed an agent simulation using the
estimated probabilities as its parameter and showed the
result of simulating the situation from August to Novem-
ber 2020. The result shows that even a simple simulation
can obtain a result close to the actual data, such that the
MAE of the number of patients in severe status per day
was at most twelve.

The estimated probabilities are based on actual data
provided by the Tokyo Metropolitan Government and it

Isolation Hospital (mild) Hospital (severe) Dead

Fig. 5. Simulation result: November 2020. Red=predicted
values, black=actual values.

Table 7. MAE (Mean Absolute Error) per day.

August September October November
S1 72 51 66 149
S2 44 30 35 341
S3 10 7 8 12
S5 6 3 2 9

is expected to be useful for various applications, such
as understanding the pandemic situation and simulations.
Some of the estimated parameters are open to the public
via our homepage2.
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