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Abstract

We examine the properties of five real-time COVID-19 infection projections in Tokyo. We

find that projections tended to be (i) pessimistic, (ii) less accurate during the fifth infection

wave, and (iii) optimistic before the peak and pessimistic after the peak. If policymakers

and the public were to utilize real-time projections in future pandemics, it would be useful

for them to be aware of the properties of these projections.
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1 Introduction

Real-time infection projections—projections that were released and disseminated to policy-

makers and the public as the event unfolded—played a key role during the COVID-19 pan-

demic. Policymakers used them to anticipate healthcare demand and guide decisions on lock-

downs. Some projections might have affected the public’s risk perceptions and their infection-

prevention behaviors through their media exposure. If policymakers and the public were to

utilize real-time projections again in future pandemics, it would be useful for them to be aware

of the properties of these projections.

In this paper, we evaluate the properties of five real-time COVID-19 infection projections in

Tokyo and analyze common patterns across these projections. We consider two projections

by epidemiologists—which we will refer to as “AB 3-2” and “AB 3-3” where AB stands for

the Advisory Board for COVID-19 Control of the Ministry of Health, Labour, and Welfare—

and three projections by researchers from other disciplines—one by Fujii and Nakata, one by

Hirata, and one by CATs (Collective Analysis Teams). The former two were regularly submitted

to the government expert meeting, whereas the latter three were occasionally submitted to the

government expert meeting and frequently received media attention.1

We use Bias(%) (Mean Percentage Error) and RMSE(%) (Root Mean Squared Percentage

Error) to assess the properties of these projections. We assess the properties of projections

at three levels of aggregation: the full sample (covering the entire time period), sub-samples

by infection waves (fourth through eighth waves), and sub-samples by infection phases. For

the phase-level analysis, we partition each wave into a rising phase—which we define as the

period from the trough to two weeks before the peak—a peak phase—which we define as the

four-week window centered on the peak—and a falling phase—which we define as the period

from two weeks after the peak to the subsequent trough. In the Appendix, we do consider

alternative definitions of these phases in the robustness analysis.

We focus on finding common patterns across these projections and abstract from compar-

ing their accuracies. A fair comparison of projections is challenging for two reasons. First,

these projections differ from each other in the timing of the projections. Projections would be

more accurate if researchers generated projections systematically when uncertainty was low.

Second, these projections might have been generated for decision makers with different ob-

1The Japanese government assembled a team of researchers from various disciplines to conduct policy-

oriented data analyses and model simulations under the project “COVID-19 AI & Simulation Project”. The project

began in late 2020 and continued until fall 2023 ([1]). Fujii-Nakata and Hirata were part of this team. Other re-

searchers involved in the project also produced projections. Although they conducted various influential analyses

throughout the pandemic, we exclude their projections because their projections tended to be more in the spirit

of scenario-based policy analyses than forecasting, were less frequent, and were not as long-lasting as those of

Fujii-Nakata and Hirata.
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jective functions. Smaller bias and RMSE are appropriate metrics for projection comparison

only under certain assumptions about the objective function of the decision maker using these

projections.

We highlight the following three results. First, bias tends to be positive in the full sample

and in wave-by-wave sub-samples for most projections and over most forecast horizons. That

is, projected infections tend to be higher than actual infections, indicating systematically pes-

simistic projections. Second, among the projections for which fifth-wave data are available (AB

3-3, Fujii-Nakata, and Hirata), both the absolute value of bias and RMSE tend to be substan-

tially larger in the fifth wave (June-December 2021) than in other waves. Third, bias tends to

be negative during the rising phase—indicating optimism in projections before the peak—but

positive during the peak and falling phases, indicating a shift from optimism to pessimism as

the infection wave intensified. In section 5, we discuss possible mechanisms behind these

results.

Our work is related to the vast literature on COVID-19 projections. Within this literature,

our paper is closely related to a set of papers that examine real-time COVID-19 projections.

[2] examine scenario projections released by the US Scenario Modeling Hub.2 [3] examine the

ensemble forecast of the US COVID-19 Forecast Hub.3 [4, 5] examine the medium-term pro-

jections provided by Scientific Pandemic Infections Group on Modelling (SPI-M/SPI-M-O) of

Scientific Advisory Group for Emergencies (SAGE).4 [6] examine the six roadmap projections

provided by the SPI-M-O of SAGE. [7] examined the multi-model ensemble forecast provided

by the European COVID-19 Forecast Hub. [8] examine their independent real-time, short-term

forecasts for the UK and EU and the forecasts.5 We contribute to this literature by provid-

ing novel evidence on the performance of real-time COVID-19 projections using previously

2The US COVID-19 Scenario Modeling Hub (SMH), created in December 2020, convened multiple modeling

teams to produce months-ahead, scenario-based probabilistic projections of COVID-19 burden in the United

States, from February 2021 to November 2022. See https://covid19scenariomodelinghub.org/.
3The COVID-19 Forecast Hub, founded in March 2020, served as a centralized repository for forecasts sub-

mitted by more than 50 international research teams. In each week, the Hub aggregated the submitted models

into an ensemble forecast and made both the ensemble and individual forecasts accessible through an interactive

visualization dashboard. All forecasts are also shared with the US CDC (Centers for Disease Control and Preven-

tion), and both team-level predictions and the ensemble are incorporated into official CDC communications about

the COVID-19 trajectory from April 2020 to February 2023. See https://covid19forecasthub.org/doc/.
4SPI-M is an expert advisory group to the UK Department of Health and Social Care that provides scientific

input on the UK response to pandemics and other emerging infectious-disease threats, drawing on infectious-

disease modeling, epidemiology, and related analyses. During COVID-19, it operated as SPI-M-O, an oper-

ational subgroup of SAGE that synthesized modelling evidence for government decision-making. It provided

medium-term projections on a near-weekly basis and released roadmap projections in discrete rounds aligned

with reopening decisions. See https://assets.publishing.service.gov.uk/media/69665f021f94f51fd

079cbab/spi-m-terms-of-reference-january-2026.pdf.
5See also [9] that examine real-time projections in more than 200 geographical areas and [10] that examine

real-time projections in Germany and Poland.
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unexplored data from Japan.

To the best of our knowledge, ex-post evaluations of real-time projections are scarce in

Japan. Among the few are [11–13]. [11] examine the accuracy of the average of a few real-

time projections in Tokyo—including Hirata and CATs projections in a few infection waves (sixth

and seventh waves)—and find that the average tends to be more accurate than each projec-

tion. We differ from [11] because we analyze common patterns across multiple projection

models over multiple waves, instead of focusing on the performance of model averaging. [12]

evaluate the real-time projections of severity and case fatality rates in the sixth wave. [13]

conduct ex-post evaluations of a model-based real-time analysis on the likely effect of the

Tokyo Olympic and Paralympic Games on infection outcomes. [14–17] examine projection

accuracies of variants of the models they used for real-time projections using past data to

demonstrate the validity of their models, but do not evaluate their real-time projections.6

The rest of the paper is structured as follows. Section 2 describes the data. Section 3

presents the methodology. Section 4 presents the results. Section 5 discusses possible mech-

anisms for our main takeaways. Section 6 concludes.

2 Data

In this section, we describe five real-time COVID-19 projections we consider in this paper.

2.1 AB 3-2

The National Institute of Infectious Diseases (NIID) regularly submitted a report containing var-

ious data and analyses to the Advisory Board for COVID-19 Control of the Ministry of Health,

Labour and Welfare” throughout the COVID-19 pandemic. The Advisory Board was convened

for the first time on February 7, 2020 and for the last time on August 4, 2023. They met almost

every week in 2021 and 2022. From January 12, 2022 to April 17, 2023, the report by the

NIID—often numbered “3-2”—included an infection projection for Tokyo, which we will refer to

as the “AB 3-2” projection.7 8

AB 3-2 projection is based on a statistical model of the effective reproductive number imple-

mented in the R package EpiNow2. The projected effective reproductive number is converted

6Some researchers occasionally provided informal assessments of their real-time projections as they released

their new projections, but they are infrequent, are only available in the form of presentation slides, and are only

available in the Japanese language. See, for example, [18, 19].
7The AB is on a near-weekly basis during January 2022-January 2023, while shifting to a two-week interval

during January-April 2023.
8See https://www.mhlw.go.jp/stf/seisakunitsuite/bunya/0000121431_00333.html.
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to projections of new infections in the report. The model is specified at a daily frequency, and

the projection horizon is seven days. There are 53 AB 3-2 projections during the aforemen-

tioned period, covering the sixth through eighth infection waves.

Each AB 3-2 report includes a table reporting projected infections. We manually extract the

projected infection values from this table from each AB 3-2 report. We convert the projection

from daily new infections to a 7-day moving average of new daily infections for comparability

with other projections. Figure 1 shows the infection projection of AB 3-2—shown by red dots,

together with the actual infection—shown by the solid black line.

2.2 AB 3-3

Hiroshi Nishiura of Kyoto University regularly submitted a report containing various analyses

to the Advisory Board throughout the COVID-19 pandemic.9 His report—often numbered “3-

3”—contained a wide range of influential analyses from real-time estimates of the effective

reproductive number and scenario-based analyses of lockdowns to the estimates of suscepti-

ble population and the outlook for vaccine rollout. From April 6, 2021, to November 21, 2022,

the AB 3-3 report contained infection projection based on time-series models, which we refer

to as the “AB 3-3” projection.

AB 3-3 reports during the aforementioned period showed infection projections from four

time-series models of the effective reproductive number: (i) a constant, (ii) linear trend extrap-

olation, (iii) autoregression, and (iv) the simple ensemble of the first three models. The first

“constant” model assumes that the effective reproduction number stays constant at the last

observed estimate over the projection horizon. We focus on the simple ensemble projection in

our analysis. The model is specified at a daily frequency. There are 79 reports from April 6,

2021, to November 21, 2022, covering the fourth through the early eighth waves.10 The first

11 reports—covering the fourth wave and the initial part of the fifth wave—featured a 13-day

projection horizon, while subsequent reports extended the horizon to 38 days.

We use a digitization tool—WebPlotDigitizer—to digitize projection data in each AB 3-3

file.11 In some files, the projection trajectory exceeds the vertical scale of the source graph,

rendering the values unobservable. To address this data truncation problem, we fit an expo-

nential function to the visible segment of the projection to extrapolate and estimate the values

that lie beyond the graph’s limits. Similar to AB 3-2, we adjust the actual and projected data in

AB 3-3 files to a 7-day moving average format. Figure 2 shows the infection projections of AB

9See https://www.mhlw.go.jp/stf/seisakunitsuite/bunya/0000121431_00216.html.
10The projections in AB 3-3 were submitted to the AB on a near-weekly basis during April 2021-November

2022.
11See https://automeris.io/.
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3-3 over a four-week horizon—shown by dashed red lines, together with the actual infection—

shown by the solid black line.

2.3 Fujii-Nakata

Daisuke Fujii and Taisuke Nakata, researchers at the University of Tokyo, regularly released

COVID-19 infection projections over the 2021-2023 period. They presented their projections as

well as a wide range of real-time policy analyses to policymakers and their scientific advisers

on numerous occasions.12 Fujii and Nakata produced scenario-based projections using a

macro-SIR model as described in [14, 21]. Their model is specified at a weekly frequency.

They provided a 7-day moving average of new infection projections with horizons ranging from

10 to 54 weeks. There are 70 reports from January 2021 to March 2023, covering the fourth

through eighth waves.13 We obtain their projections from their original data files. Figure 3

shows the infection projections of Fujii-Nakata with a horizon of four weeks—shown by dashed

red lines, together with the actual infection—shown by the solid black line.

2.4 Hirata

Professor Akimasa Hirata of Nagoya Institute of Technology regularly submitted COVID-19

infection projections to the COVID-19 AI and Simulation Project, a project assembled by the

Cabinet Office of the Japanese Government.14 Hirata’s projection is based on a deep-learning

model described in [15–17], which takes into account various factors such as temperature,

humidity, and public mobility. The model is specified at a daily frequency. They provided 7-day

moving averages of new infection projections with horizons ranging from 15 to 203 days. There

are 16 reports from August 8, 2021, to April 25, 2023, covering the fifth through eighth infec-

tion waves.15 We digitize Hirata’s projections from his reports. Figure 4 shows the infection

projections of Hirata with a horizon of four weeks—shown by dashed red lines, together with

the actual infection—shown by the solid black line.

12See a book written by Daisuke Fujii and Taisuke Nakata, [20] (https://www.u-tokyo.ac.jp/bibliopla

za/en/J_00092.html).
13Fujii and Nakata released projections on a near-weekly basis during peak periods (January-September 2021

and January-March 2022), while shifting to a two-week interval during interim periods (October 2021-January

2022, April-October 2022, and December 2022-March 2023). See, for example, https://covid19outputjap

an.github.io/JP/index.html and https://www.bicea.e.u-tokyo.ac.jp/. Fujii-Nakata projections were

often cited by media. See [22–24], among many others.
14See https://www.caicm.go.jp/action/survey/covid19-ai.jp/en-us/researcher/akimasa-hirat

a/index.html. Hirata projections were often cited by media. See, for example, [25–27], among many others.
15Hirata released projections on a near-weekly basis during August-September 2021, January-February 2022,

and July 2022.
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2.5 CATs

CATs (“Collective Analysis Teams”)—a team of data scientists led by Yamaneko Research

Institute, Inc.—regularly published their projections from January 24, 2022, to January 19,

2023.16 CATs’ projection is based on a machine-learning model, which incorporates factors

such as traffic volume, SNS, and internet search. The model is specified at a daily frequency.

They provided 7-day moving averages of new infection projections with horizons ranging from

5 to 51 days. They released 72 reports from January 24, 2022, to January 19, 2023, covering

the sixth through eighth infection waves.17

We digitize CATs’ projections from their reports published on then-Twitter (now X).18 Figure

5 shows the infection projections of CATs over a four-week horizon—shown by dashed red

lines, together with the actual infection—shown by the solid black line.

3 Methodology

We use two metrics to analyze the properties of the five projection models discussed in the

previous section: Bias(%) (Mean Percentage Error) and RMSE(%) (Root Mean Squared Per-

centage Error). All projection models except Fujii-Nakata are specified at a daily frequency.

For these daily-frequency projections, we focus on a 7-day moving average of daily new infec-

tions for 7-day, 14-day, and 28-day horizons. For simplicity, we call these horizons one-week,

two-week, and four-week ahead.

For each projection model, m, and for each projection horizon, h, Biashm(%) is given by

Biashm(%) =
1

T h
m

Th
m

∑

t=1

ŷm,t+h − ym,t+h

ym,t+h

× 100. (1)

where T h
m denotes the number of samples for the model m with horizon of h week(s). The

terms ŷm,t+h and ym,t+h denote the projected and actual new infection for the projection issued

at t with horizon h week(s), respectively. The term
ŷm,t+h−ym,t+h

ym,t+h
× 100 is the percentage error.

For each projection model m, and for each projection horizon h ∈ {1, 2, 4}, RMSEh
m(%) is

16See https://yamaneko.co.jp/news/2022-01-25/ and [28].
17CATs released projections nearly every weekday during two periods (January-March 2022 and July-

September 2022) before shifting to a weekly schedule (December 2022-January 2023). CATs’ projections were

often cited by media. See, for example, [29, 30], among many others.
18CATs published their projection reports on a website—Quick Money World (https://moneyworld.jp/)—

run by Quick, a financial information services company, as well as on Twitter (now X) of Lully Miura, the president

of Yamaneko Research Institute, Inc. See https://x.com/lullymiura?s=21&t=jXHNe6iBitz6X0-2Fqqf4w.
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given by

RMSEh
m(%) =

√

√

√

√

1

T h
m

Th
m

∑

t=1

(

ŷm,t+h − ym,t+h

ym,t+h

× 100

)2

, (2)

We use Bias(%) and RMSE(%) instead of Bias (Mean Error) and RMSE (Root Mean

Squared Error) because the peak infection numbers varied significantly across different waves.

Using Bias and RMSE would penalize the projection during high-infection phases and makes

cross-wave comparisons invalid.

We compute these two metrics—Bias(%) and RMSE(%)—for each projection and for each

forecast horizon using the entire sample. We also compute these metrics for each projection

and for each forecast horizon in sub-samples grouped by infection waves and by infection

phases—rising, peak, and falling phases. To define infection phases, we first identify the

trough—the lowest infection point—and the peak for each infection wave based on actual

infection data.19 We then define three infection phases—rising, peak, and falling—as follows:

The rising phase extends from the trough to two weeks before the peak; the peak phase covers

the interval from two weeks before to two weeks after the peak; and the falling phase runs from

two weeks after the peak to the subsequent trough. In addition to this baseline definition of

these three phases, we will also consider alternative phase definitions. Our main takeaways

are robust to alternative definitions.

We also compute overall Bias(%) and overall RMSE(%) including all available projections—

as opposed to projection-by-projection—for the entire sample, wave-by-wave and phase-by-

phase subsamples. These metrics would summarize the common patterns across projections

concisely. Specifically, for each projection horizon, Biash(%) is given by

Biash(%) =
1

∑

5

m=1
T h
m

5
∑

m=1

Th
m

∑

t=1

ŷm,t+h − ym,t+h

ym,t+h

× 100, (3)

and RMSEh(%) is given by

RMSEh(%) =

√

√

√

√

1
∑

5

m=1
T h
m

5
∑

m=1

Th
m

∑

t=1

(

ŷm,t+h − ym,t+h

ym,t+h

× 100

)2

. (4)

where m = {1, 2, 3, 4, 5} is an index for each of the five real-time projections.

As discussed in the introduction, we focus on characterizing common patterns across five

real-time projections, without comparing accuracy across projections. There are two reasons

for this focus. First, there are differences in the timing of projection releases among projections.

19We identify peak and trough dates at a daily frequency for all models except Fujii-Nakata, where we identify

them at a weekly frequency.
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For example, Hirata and CATs typically began releasing their projections when the infection

wave intensified and was approaching the peak, and ceased publication once a clear decline

became evident. In contrast, AB 3-2, AB 3-3, and Fujii-Nakata released projections more

regularly through different phases of infection waves, including when infections were near

the trough. If it were easier or more difficult to project infection in some periods than in other

periods, and some release their projections systematically when projections are easier or more

difficult, we would risk misjudging the model’s projection accuracy.

Second, a fair evaluation of a projection requires the objective function of the decision

maker using that projection. If policymakers are robust policymakers wishing to avoid the

worst-case scenario, the optimal projection may feature positive bias. Because the five pro-

jections were prepared for different audiences for different reasons, simple comparisons of

Bias(%) and RMSE(%) across projections are unlikely to be informative.

4 Results

4.1 Baseline Results

Table 1 shows RMSE(%) and bias(%) for the entire sample. According to the table, the mag-

nitude of Bias(%) and RMSE(%) rise with the projection horizon for each projection and for all

projections combined, indicating that projections are less accurate for a longer horizon than

for a shorter horizon. Bias(%) is positive across most projections and horizons with only a few

exceptions, indicating that these real-time projections tend to be pessimistic. Bias(%) for all

projections is also positive for all three projection horizons.

Table 2 presents the results of wave-by-wave subsample analysis. According to these

tables, bias(%) tends to be positive for most projections and for most projection horizons.

Bias(%) is positive over all three horizons for the fifth to eighth waves for Fujii-Nakata, for the

fifth, sixth, and eighth waves for Hirata, and for the seventh and eighth waves for CATs. For

AB 3-2 and AB 3-3 projections, however, we observe negative biases just as often as positive

biases. When all projections are combined, we observe that bias(%) is positive for most waves

and for most projections.

Another takeaway from the wave-by-wave analysis is that the fifth wave was the most chal-

lenging projection period. Across AB 3-3, Fujii-Nakata, and Hirata (the models available for

the fifth wave), RMSE(%) is notably larger in the fifth wave than in other waves, with one-

week ahead projections by Fujii-Nakata being only one exception. We observe the difficulty

of projection in the fifth wave in the magnitude of Bias(%) as well. When all projections are

combined, RMSE(%) is still the largest in the fifth wave among all waves.

9



Table 3 shows RMSE(%) and bias(%) for rising, peak, and falling phases. According to the

table, Bias(%) tends to be negative during the rising phase but positive during the peak and

falling phases. Bias(%) is negative during the rising phase across all horizons of all projections,

except for the one-week ahead projection of Fujii-Nakata. Bias(%) is positive during the peak

phase for all projections over all projection horizons. Bias(%) remains positive during the falling

phase for all projection horizons of all projections, except for the one- and two-week ahead

projections of AB 3-3 and the one-week ahead projection of Hirata. When all projections

are combined, the pattern is even clearer. Bias(%) is negative during the rising phase and

positive during the peak and falling phases for all three horizons. This result regarding phase-

dependent bias(%) are qualitatively robust to alternative definitions of phases. See Appendix

A in which we conduct phase-by-phase analysis under two alternative definitions of phases.

In addition, for projections with longer horizons (two and four weeks), RMSE(%) tends to

be larger during the peak and falling phases than during the rising phase, implying a lower

reliability of long-term projections during the peak and falling phases. This phase-dependence

in RMSE(%) is less apparent for one-week-ahead projections, but is evident for two- and four-

week-ahead projections.

5 Discussion

The first result regarding the overall bias may hold because policymakers might have wel-

comed pessimistic projections more than optimistic projections. Underreacting to a fast-growing

outbreak might have been perceived as far more costly than overreacting. If policymakers

treat false negatives as more dangerous than false positives, they may prefer pessimistic pro-

jections as a safer decision guide. Policymakers might have welcomed pessimistic projections

also because pessimistic projections help with public compliance.

The second result regarding larger RMSE and bias in the fifth wave may hold because a

number of factors introduced uncertainty in the infection outlook as the fifth wave unfolded.

Those factors include, but are not limited to, the spread of the Delta variant, the hosting of

the Tokyo Olympic Games, and the start of the large-scale vaccine rollout around June 2021.

These factors created uncertainty, which might have raised the difficulty of infection projections

during this period.

The third result regarding the shift in bias over the infection cycle may arise if projections

respond to the development in infection outcomes with a lag. In the early phase of an infection

wave, projections are still informed by recent data on low and stable infection. As actual infec-

tion rises further, the public becomes more alert and acts more cautiously, which decelerates

the rise in infection and eventually puts an end to the infection wave. However, projections

10



tend to react to the deceleration in actual infection with a lag and continue to project further

increases in infection, making them more pessimistic.

6 Conclusion

In this paper, we investigated common patterns across five real-time COVID-19 infection pro-

jections in Tokyo. We obtained the following three takeaways. First, bias tends to be positive in

the full sample and in wave-by-wave sub-samples for most projections and over most forecast

horizons. That is, projected infections tend to be higher than actual infections, indicating sys-

tematically pessimistic projections. Second, among the projections for which fifth-wave data

are available (AB 3-3, Fujii-Nakata, and Hirata), both the absolute value of bias and RMSE

tend to be larger in the fifth wave (June-December 2021) than in other infection waves. Third,

bias tends to be negative during the rising phase—indicating optimism in projections before

the peak—but positive during the peak and falling phases, indicating a shift from optimism to

pessimism as the infection wave intensified.

Infection projections played a key role in informing policymakers and the public during the

COVID-19 pandemic. They are likely to play a key role in future pandemics as well. Even

though a number of infection projections were produced and disseminated to policymakers

and the public during the COVID-19 pandemic in Japan, ex-post evaluations of these real-time

projections are scarce. Our research fills only a part of the large gap in the knowledge. Further

evaluations are likely to be valuable in helping us better prepare for future pandemics.
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Figure 1: AB 3-2 Projection

Note: The red dots show one-week-ahead projections of the 7-day moving average of daily new infections. Projection data are from the

numerical tables in the original reports. The solid black line shows the actual 7-day moving average of daily new infections at a daily

frequency. In AB 3-2 projection, the actual data is from HER-SYS. However, access to HER-SYS is restricted, we collect the actual infection

data by digitizing each AB 3-2 file using a digitization tool (WebPlotDigitizer). The actual infection data ends on April 14, 2023 in the last AB

3-2 report. The subsequent actual data is from the Tokyo Metropolitan Government.

Figure 2: AB 3-3 Projection

Note: The solid red lines show projections of the 7-day moving average of daily new infections at a daily frequency over the four-week

projection horizon. Projection data are digitized from the original reports. We employ an exponential fitting model to extrapolate the projection

when its trajectory exceeds the vertical scale of the source graph. The solid black line shows the actual infections at a daily frequency.

The actual infection ends on September 18, 2022 in the last AB 3-3 report. The subsequent actual data is from the Tokyo Metropolitan

Government.
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Figure 3: Fujii-Nakata Projection

Note: The solid red lines show four-week-ahead projections of the 7-day moving average of daily new infections at a weekly frequency.

Projection data are from their original files. The solid black line shows the actual 7-day moving average of daily new infections at a weekly

frequency. The actual data are from the Tokyo Metropolitan Government.

Figure 4: Hirata Projection

Note: The solid red lines show four-week-ahead projections of the 7-day moving average of daily new infections at a daily frequency. Projection

data are digitized from the original reports. The solid black line shows the actual 7-day moving average of daily new infections at a daily

frequency. The actual data is from the Tokyo Metropolitan Government.
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Figure 5: CATs Projection

Note: The solid red lines show four-week-ahead projections of the 7-day moving average of daily new infections at a daily frequency. Projection

data is digitized from the original reports. The solid black line shows the actual 7-day moving average of daily new infections at a daily

frequency. The actual data is from the Tokyo Metropolitan Government.
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Table 1: Projection Accuracy: Entire Samples

Projection horizon Bias(%) RMSE(%) N

AB 3-2

One week −3.8 47.7 53

AB 3-3

One week −4.6 42.7 74

Two weeks 9.6 87.8 63

Four weeks 166.0∗∗ 570.5 63

Fujii-Nakata

One week 9.0∗∗∗ 27.8 68

Two weeks 20.2∗∗∗ 57.9 68

Four weeks 100.4∗∗∗ 296.8 68

Hirata

One week 9.0 24.5 16

Two weeks 29.3∗ 67.5 15

Four weeks 70.6∗ 146.4 12

CATs

One week 3.6∗ 18.3 72

Two weeks 5.0 35.8 63

Four weeks −18.5∗ 55.5 26

All projections combined

One week 1.7 34.7 283

Two weeks 13.1∗∗∗ 64.3 209

Four weeks 104.5∗∗∗ 398.5 169

Note: All projections cover horizons of one, two, and four

weeks, except for AB 3-2, which includes only one week.

N represents the number of observations. *** p<0.01, **

p<0.05, * p<0.10, based on the two-sided t-test.
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Table 2: Projection Accuracy: Wave-by-Wave Analysis

(a) AB 3-2

Projection horizon Bias(%) RMSE(%) N

Sixth wave

One week −12.0∗ 32.3 21

Seventh wave

One week 19.0 75.8 13

Eighth wave

One week −10.3 38.3 16

(b) AB 3-3

Projection horizon Bias(%) RMSE(%) N

Fourth wave

One week 11.8 36.1 9

Fifth wave

One week −9.5 54.1 21
Two weeks 12.0 117.1 19
Four weeks 290.8 849.7 19

Sixth wave

One week −4.0 43.2 28
Two weeks 15.0 84.4 28
Four weeks 146.9 484.9 28

Seventh wave

One week −1.1 20.8 12
Two weeks 8.1 40.0 12
Four weeks 73.8∗∗ 127.4 12

Eighth wave

One week −30.3∗∗ 33.2 4
Two weeks −34.9∗ 41.5 4
Four weeks −16.0 47.0 4

(c) Fujii-Nakata

Projection horizon Bias(%) RMSE(%) N

Fourth wave

One week −4.8 13.3 14
Two weeks −11.1∗ 24.2 14
Four weeks −9.3 33.6 14

Fifth wave

One week 11.3 35.9 17
Two weeks 46.4∗ 101.0 17
Four weeks 269.2∗∗ 570.7 17

Sixth wave

One week 16.2∗ 37.6 15
Two weeks 18.2∗∗∗ 29.0 15
Four weeks 58.1∗∗∗ 74.6 15

Seventh wave

One week 9.3 19.1 9
Two weeks 17.2 32.4 9
Four weeks 8.4 25.4 9

Eighth wave

One week 14.1∗∗ 18.8 9
Two weeks 33.3∗∗ 51.1 9
Four weeks 168.6∗∗∗ 195.5 9

(d) Hirata

Projection horizon Bias(%) RMSE(%) N

Fifth wave

One week 29.4∗∗∗ 31.0 5
Two weeks 98.8∗∗ 111.2 5
Four weeks 251.1 284.7 3

Sixth wave

One week 4.4 11.7 4
Two weeks 11.2∗ 13.6 4
Four weeks 28.6∗ 32.9 4

Seventh wave

One week −15.6∗ 20.7 5
Two weeks −23.1 33.0 5
Four weeks −20.5 38.6 4

Eighth wave

One week 14.7 14.7 1
Two weeks 16.3 16.3 1
Four weeks 60.9 60.9 1

(e) CATs

Projection horizon Bias(%) RMSE(%) N

Sixth wave

One week −7.6∗∗∗ 14.0 29
Two weeks −20.9∗∗∗ 23.4 26
Four weeks −54.9∗∗∗ 56.2 17

Seventh wave

One week 8.5∗∗∗ 15.8 36
Two weeks 17.0∗∗∗ 30.7 31
Four weeks 45.3∗∗∗ 48.8 7

Eighth wave

One week 24.5∗ 36.9 7
Two weeks 55.2∗ 78.9 6
Four weeks 68.2 70.3 2

(f) All projections combined

Projection horizon Bias(%) RMSE(%) N

Fourth wave

One week 1.7 24.8 23
Two weeks −11.1∗ 24.2 14
Four weeks −9.3 33.6 14

Fifth wave

One week 3.2 45.3 43
Two weeks 36.8∗∗ 110.0 41
Four weeks 278.3∗∗ 707.1 39

Sixth wave

One week −3.3 32.3 97
Two weeks 2.7 55.7 73
Four weeks 65.1 324.2 64

Seventh wave

One week 7.3∗ 35.5 75
Two weeks 11.7∗∗∗ 33.4 57
Four weeks 37.4∗∗∗ 83.5 32

Eighth wave

One week 0.7 33.2 37
Two weeks 25.4∗∗ 58.3 20
Four weeks 103.2∗∗∗ 151.3 16

Note: All projections cover horizons of one, two, and four weeks, except for AB 3-2, which includes only

one week. N represents the number of observations. *** p<0.01, ** p<0.05, * p<0.10, based on the

two-sided t-test. Note that we cannot compute t-statistic when N=1.
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Table 3: Projection Accuracy: Phase-by-Phase Analysis

(a) AB 3-2

Projection horizon Bias(%) RMSE(%) N

Rising

One week −29.6∗ 50.5 10

Peak

One week 8.5 31.0 12

Falling

One week 0.9 54.5 28

(b) AB 3-3

Projection horizon Bias(%) RMSE(%) N

Rising

One week −32.1∗∗∗ 44.1 25
Two weeks −42.4∗∗∗ 57.1 21
Four weeks −23.0 124.0 21

Peak

One week 33.7∗∗∗ 51.0 16
Two weeks 122.7∗∗∗ 166.1 12
Four weeks 861.5∗∗ 1289.1 12

Falling

One week −2.4 36.9 33
Two weeks 0.8 53.7 30
Four weeks 20.1 89.7 30

(c) Fujii-Nakata

Projection horizon Bias(%) RMSE(%) N

Rising

One week 6.0 35.1 21
Two weeks −7.6 30.2 21
Four weeks −17.4 59.6 21

Peak

One week 4.9 15.2 21
Two weeks 23.6∗∗ 51.2 21
Four weeks 147.6∗∗∗ 266.2 21

Falling

One week 15.9∗∗ 31.2 22
Two weeks 46.6∗∗∗ 83.4 22
Four weeks 189.9∗∗ 448.4 22

(d) Hirata

Projection horizon Bias(%) RMSE(%) N

Rising

One week −5.5 5.5 1
Two weeks −40.7 40.7 1
Four weeks −59.4 59.4 1

Peak

One week 10.8 24.4 11
Two weeks 34.4∗ 64.5 11
Four weeks 69.2 139.9 9

Falling

One week −4.0 19.3 3
Two weeks 34.1 83.4 3
Four weeks 141.7 196.9 2

(e) CATs

Projection horizon Bias(%) RMSE(%) N

Rising

One week −4.8 9.4 2
Two weeks −2.8 5.0 2

Peak

One week 4.6∗ 15.1 40
Two weeks 2.9 27.6 40

Falling

One week 2.8 22.2 30
Two weeks 9.9 49.0 21

(f) All projections combined

Projection horizon Bias(%) RMSE(%) N

Rising

One week −16.7∗∗∗ 41.2 59
Two weeks −24.4∗∗∗ 44.6 45
Four weeks −20.1 96.0 45

Peak

One week 10.5∗∗∗ 27.1 100
Two weeks 29.3∗∗∗ 74.2 84
Four weeks 205.7∗∗∗ 573.0 66

Falling

One week 3.2 37.7 116
Two weeks 17.9∗∗ 63.9 76
Four weeks 93.8∗∗ 296.4 54

Note: All projections cover horizons of one, two, and four weeks, except for AB 3-2, which includes only

one week. N represents the number of observations. *** p<0.01, ** p<0.05, * p<0.10, based on the

two-sided t-test. Note that we cannot compute t-statistic when N=1.
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Technical Appendix

A Alternative Definitions of Infection Phases

Table A.1: Peak Phase Defined as a Window of ±7 Days around the Peak

(a) AB 3-2

Projection horizon Bias(%) RMSE(%) N

Rising

One week −20.6
∗

43.4 14

Peak

One week 2.0 13.7 6

Falling

One week 3.6 55.6 30

(b) AB 3-3

Projection horizon Bias(%) RMSE(%) N

Rising

One week −25.6
∗∗∗

47.7 28

Two weeks −24.9 89.8 23

Four weeks 127.2 694.4 23

Peak

One week 36.5
∗∗∗

47.2 9

Two weeks 126.6
∗∗

156.1 7

Four weeks 832.0
∗∗

1081.0 7

Falling

One week 1.3 37.3 37

Two weeks 8.9 62.7 33

Four weeks 51.8 193.5 33

(c) Fujii-Nakata

Projection horizon Bias(%) RMSE(%) N

Rising

One week 6.2 33.0 25

Two weeks −2.6 35.4 25

Four weeks −1.2 73.0 25

Peak

One week 4.9 14.4 13

Two weeks 20.9 47.5 13

Four weeks 138.0
∗∗

223.4 13

Falling

One week 13.8
∗∗

29.1 26

Two weeks 44.4
∗∗∗

80.0 26

Four weeks 198.0
∗∗

447.4 26

(d) Hirata

Projection horizon Bias(%) RMSE(%) N

Rising

One week −2.3 17.9 6

Two weeks −9.6 27.0 6

Four weeks 13.4 52.0 6

Peak

One week 13.1 21.8 4

Two weeks 36.6 52.5 4

Four weeks 27.7 33.3 3

Falling

One week 12.4 27.9 5

Two weeks 70.2 102.8 5

Four weeks 227.8 281.4 3

(e) CATs

Projection horizon Bias(%) RMSE(%) N

Rising

One week 1.0 8.2 4

Two weeks −1.5 15.7 4

Peak

One week 6.3
∗

17.1 27

Two weeks 6.8 30.0 27

Falling

One week 2.1 19.7 41

Two weeks 4.3 41.7 32

(f) All projections combined

Projection horizon Bias(%) RMSE(%) N

Rising

One week −11.2
∗∗

39.4 77

Two weeks −12.1 61.9 58

Four weeks 51.0 440.6 58

Peak

One week 10.6
∗∗∗

23.9 59

Two weeks 29.2
∗∗∗

67.9 51

Four weeks 165.8
∗∗

449.4 44

Falling

One week 4.8 36.6 139

Two weeks 20.2
∗∗∗

64.9 96

Four weeks 118.7
∗∗∗

325.7 63

Note: All projections cover horizons of one, two, and four weeks, except for AB 3-2, which includes only

one week. N represents the number of observations. *** p<0.01, ** p<0.05, * p<0.10, based on the

two-sided t-test.

24



Table A.2: Peak Phase Defined as a Window of ±10 Days around the Peak

(a) AB 3-2

Projection horizon Bias(%) RMSE(%) N

Rising

One week −23.8
∗

46.7 12

Peak

One week 11.7 34.5 9

Falling

One week 0.4 53.6 29

(b) AB 3-3

Projection horizon Bias(%) RMSE(%) N

Rising

One week −31.6
∗∗∗

43.4 26

Two weeks −42.4
∗∗∗

57.1 21

Four weeks −23.0 124.0 21

Peak

One week 38.9
∗∗∗

54.8 12

Two weeks 133.7
∗∗

178.7 9

Four weeks 1025.8
∗∗

1450.9 9

Falling

One week 0.3 37.3 36

Two weeks 8.9 62.7 33

Four weeks 51.8 193.5 33

(c) Fujii-Nakata

Projection horizon Bias(%) RMSE(%) N

Rising

One week 6.2 33.0 25

Two weeks −2.6 35.4 25

Four weeks −1.2 73.0 25

Peak

One week 4.9 14.4 13

Two weeks 20.9 47.5 13

Four weeks 138.0
∗∗

223.4 13

Falling

One week 13.8
∗∗

29.1 26

Two weeks 44.4
∗∗∗

80.0 26

Four weeks 198.0
∗∗

447.4 26

(d) Hirata

Projection horizon Bias(%) RMSE(%) N

Rising

One week −6.8 20.8 4

Two weeks −18.1 32.5 4

Four weeks −3.2 50.8 4

Peak

One week 11.0 18.6 6

Two weeks 26.8 43.1 6

Four weeks 35.2
∗∗

43.0 5

Falling

One week 12.4 27.9 5

Two weeks 70.2 102.8 5

Four weeks 227.8 281.4 3

(e) CATs

Projection horizon Bias(%) RMSE(%) N

Rising

One week 1.0 8.2 4

Two weeks −1.5 15.7 4

Peak

One week 5.2
∗

16.4 33

Two weeks 3.3 27.9 33

Falling

One week 2.4 20.7 35

Two weeks 8.3 45.7 26

(f) All projections combined

Projection horizon Bias(%) RMSE(%) N

Rising

One week −13.7
∗∗∗

38.3 71

Two weeks −19.2
∗∗∗

44.1 54

Four weeks −10.1 95.1 54

Peak

One week 11.9
∗∗∗

28.8 73

Two weeks 28.6
∗∗∗

76.1 61

Four weeks 219.1
∗∗

633.5 49

Falling

One week 4.0 36.5 131

Two weeks 22.4
∗∗∗

67.0 90

Four weeks 121.6
∗∗∗

328.2 62

Note: All projections cover horizons of one, two, and four weeks, except for AB 3-2, which includes only

one week. N represents the number of observations. *** p<0.01, ** p<0.05, * p<0.10, based on the

two-sided t-test.
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