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Time‑varying overdispersion 
of SARS‑CoV‑2 transmission 
during the periods when different 
variants of concern were circulating 
in Japan
Yura K. Ko 1, Yuki Furuse 2, Kanako Otani 3, Masato Yamauchi 4, Kota Ninomiya 5, 
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Japan has implemented a cluster-based approach for coronavirus disease 2019 (COVID-19) from 
the pandemic’s beginning based on the transmission heterogeneity (overdispersion) of severe 
acute respiratory coronavirus 2 (SARS-CoV-2). However, studies analyzing overdispersion of 
transmission among new variants of concerns (VOCs), especially for Omicron, were limited. Thus, 
we aimed to clarify how the transmission heterogeneity has changed with the emergence of VOCs 
(Alpha, Delta, and Omicron) using detailed contact tracing data in Yamagata Prefecture, Japan. We 
estimated the time-varying dispersion parameter ( k

t
 ) by fitting a negative binomial distribution for 

each transmission generation. Our results showed that even after the emergence of VOCs, there 
was transmission heterogeneity of SARS-CoV-2, with changes in k

t
 during each wave. Continuous 

monitoring of transmission dynamics is vital for implementing appropriate measures. However, a 
feasible and sustainable epidemiological analysis system should be established to make this possible.

Overdispersion is a well-known characteristic of severe acute respiratory coronavirus 2 (SARS-CoV-2) 
transmission1,2. While many infected individuals do not transmit to anyone, the chain of transmission can only 
be maintained through superspreading events (SSEs), in which a small number of cases generate many secondary 
cases. The degree of overdispersion is generally expressed by the dispersion parameter ( k ) when the distribution 
of the number of secondary cases is fitted to a negative binomial distribution, with a small k (< 1) indicating 
overdispersion3. Theoretically, preventing SSEs can significantly reduce the transmission of SARS-CoV-24–6.

Based on this characteristic, Japan has implemented cluster-based approaches that focus on identifying and 
preventing SSEs to minimize the impact of coronavirus disease 2019 (COVID-19) since the beginning of the 
pandemic7. Japan also identified the common environmental risk factors for SSEs, which are now known as 
“Three Cs”: (1) closed spaces with poor ventilation, (2) crowded spaces with many people, and (3) close con-
tact settings. These measures were based on epidemiological investigations before the emergence of variants 
of concern (VOCs)8. Transmissibility has been increasing for each VOC, and a substantially higher secondary 
household attack rate has been reported for the Omicron variant9,10. Very few studies have shown the extent of 
overdispersion after the emergence of the VOCs11–14. There are some discussions on whether overdispersion is 
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maintained with the Omicron variant15. However, only two studies have reported overdispersion of the Omicron 
variant as of July 202216,17. Moreover, there have been no reports analyzing the degree of overdispersion of VOCs, 
such as Alpha, Delta, and Omicron in the same area over time.

One of the reasons for the limited reports of overdispersion, especially after the emergence of the Omicron 
variant, is that extensive contact tracing, including backward contact tracing, has been maintained in a few poli-
ties, almost exclusively in Asia18,19, and such contact tracing is no longer conducted even in these countries and 
areas with the rapid increase in confirmed cases since the emergence of the Omicron variant. Yamagata Prefecture 
is in the northern part of Japan and has a population of 1.08 million with a population density of 370 inhabitants 
per square kilometer. The cumulative incidence of COVID-19 per population is relatively low compared with 
other prefectures in Japan20; therefore, it has been possible to continue extensive contact tracing until the early 
stage of the Omicron dominant wave. In addition, local governments have made epidemiological information 
from these contact tracing efforts available to the public on their websites21.

In this study, using the line list of cases generated from the data available on the websites22, we conducted 
the analysis aiming to clarify how the degree of transmission heterogeneity has changed with the emergence of 
VOCs (Alpha, Delta, and Omicron). Traditionally, k has been regarded as a fixed characteristic for each pathogen; 
however, Adam et al. recently demonstrated the importance of estimating the time-varying dispersion parameter 
(kt)23. To analyze the degree of transmission heterogeneity at multiple time points more closely, we estimated the 
kt in addition to the average values of k within time windows.

Results
Yamagata Prefecture reported 211 clusters, which are defined to be a group of cases that involve five or more 
confirmed cases in a common event or in the same setting except for household, between November 2020 and 
March 2022. Until the third quarter of 2021, many clusters associated with restaurants and bars were reported, 
whereas there was a significant increase in the number of clusters associated with healthcare facilities and schools/
nursery schools after February 2022 (Fig. 1). From the line list of all confirmed cases in Yamagata Prefecture, 
we obtained the data reported from November 2020 to January 2022. The daily proportion of G2 + cases (with 
an identified source of infection) was greater than 50% throughout the study period, except in late January 2022 
(Supplementary Fig. 1A). Thus, to maintain the data quality, we limited the study period of the main analysis 
to January 19, 2022. Among those 3,958 cases in the study period, 1,330 cases (33.6%) were considered first-
generation (G1) of transmission, and 2,628 cases (66.4%) were second-generation or later (G2+). From January 
1 to January 19, 2022, when we regarded most cases as Omicron cases, 40.0% were considered G1 (172/430), and 
60.0% were G2+ (258/430). In total, 42.8% of the identified sources of infection were within the same household, 
although short-term variations were observed (Supplementary Fig. 1B). Five epidemic waves were observed in 
Yamagata Prefecture during the study period (Fig. 2A): first wave: December 2020 to January 2021; second wave: 
March to April 2021; third wave: May 2021; fourth wave: August to September 2021; and fifth wave: January 2022.

Figure 1.   Number of clusters reported by epidemiological week, cluster type, and cluster size (the number 
of persons infected, indicated by circle size). “Cluster” is defined as with at least five confirmed cases within a 
common event or venue.
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The trend of Rt estimated from the daily number of confirmed cases and Rt estimated from the transmission 
pairs were generally consistent, especially for G1. The Rt of cases of G2 + was lower than that of G1 throughout 
the study period (Fig. 2B). The time-varying dispersion parameter ( kt ) in G1 cases was generally below one; how-
ever, it temporarily exceeded one in early April 2021 and January 2022, followed by a sharp decrease (Fig. 2C). 
The kt value in G2+ was consistently lower than that in G1, and the proportion of cases responsible for 80% of 
transmission ( P80 ) showed a similar trend, generally ranging between 0.05 and 0.35 in G1 and between 0.05 
and 0.20 in G2+ (Fig. 2D). The proportion of cases who did not generate any secondary cases ( P0 ) ranged from 
33.0% to 74.8% for G1 and 71.2% to 90.4% for G2+ with short-term fluctuation (Fig. 2E).

The overall dispersion parameter (k) for the entire study period was 0.43, 0.15, and 0.23 for G1, G2+, and 
all generations, respectively (Table 1). In G1, we observed 20 large clusters that had more than ten secondary 
cases from a single primary case, whereas only three clusters were observed in G2+ (Fig. 3). G1 had a higher P80 
than G2+. More than half (56%) of G1 cases did not generate any secondary cases, as did 85% of those in later 

Figure 2.   (A) Epidemic curve (based on confirmed date) with colored boxes indicating dominant variants at 
each time period, (B) Effective reproduction number ( Rt , or R on the chart), red line was estimated from the 
daily number of cases, (C) time-varying dispersion parameter ( kt , k on the chart), (D) the proportion of cases 
infecting 80% ( P80 , Prop_80 on the chart), and (E) the proportion of cases who did not spread to anyone ( P0 , 
Prop_0 on the chart) for each generation of transmission in Yamagata, Japan between 2020 November 1 and 
2022 January 19. In Panel (A), (1) ~ (5) indicates each wave. In Panel (B–E), the shaded areas show the 95% CrI. 
SOE: State of emergency, G1: first-generation, G2+: second-generation or later, All: All generation.
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generations (G2+, Table 1). The sensitivity analysis showed the same trends and results even after excluding cases 
associated with healthcare and other facilities (Supplementary Figs. S2, S3, and Table S1).

Discussion
This study showed, for the first time, the time-varying transmission heterogeneity for the periods in which 
different variants were circulating in the same area of Japan. The first two waves were mainly caused by several 
lineages with D614G mutation. The third wave was predominantly Alpha, the fourth wave Delta, and the fifth 
wave Omicron BA.124,25. Our results showed that even after the emergence of VOCs, there was transmission 
heterogeneity of SARS-CoV-2, suggesting that preventing SSEs, for instance by reducing random contacts, can 
still be effective, even with VOCs4. However, it should be noted that the Omicron period of the present data 
included only the early period of the epidemic. Future studies are warranted to assess the extent of overdisper-
sion by Omicron variants in Japan. In addition, it is also important to note that our results do not indicate that 
VOCs did not alter the degree of transmission heterogeneity. The degree of transmission heterogeneity depends 
on various factors, including the intensity of non-pharmaceutical interventions23, behavioral changes in people, 
COVID-19 vaccination17, and the previous infection history26. The combination of these factors and the emer-
gence of VOCs likely influenced the degree of transmission heterogeneity observed during the study period.

Rather than estimating a conventional fixed dispersion parameter for each wave using aggregate per-wave 
data, we estimated a time-varying dispersion parameter. This is mainly because the data period setting for each 
wave is arbitrary when estimating fixed dispersion parameters, resulting in a biased estimation of dispersion 
parameters for different epidemic periods. Also, it was not possible to clearly define the epidemic period for each 
variant. In particular, the periods of the spread of Alpha and Delta variants are mixed. Furthermore, previous 

Table 1.   Estimated time-fixed reproduction number ( R ), dispersion parameter ( k ), the proportion of cases 
responsible for 80% of the transmission events ( P80 ), and the proportion of cases who did not spread to anyone 
( P0 ) by the generation of transmission.

Generation R k P_80 P_0

G1 1.21 (1.10–1.34) 0.43 (0.38–0.50) 0.23 (0.21–0.25) 0.56 (0.52–0.60)

G2 +  0.28 (0.24–0.32) 0.15 (0.13–0.18) 0.09 (0.08–0.11) 0.85 (0.83–0.87)

All 0.65 (0.60–0.70) 0.23 (0.21–0.25) 0.14 (0.13–0.15) 0.74 (0.71–0.76)

Figure 3.   The observed offspring distribution of the number of secondary cases from G1 and G2+ cases in 
Yamagata, Japan. G1: first-generation, G2+: second-generation or later.
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study has reported that non-time-varying estimates of dispersion parameters may overlook the possibility of 
large outbreaks27. In previous studies reporting time-varying dispersion parameters23,27, the values during the 
COVID-19 epidemic wave periods were continuously below one, consistent with the results of the present study.

Although substantial overdispersion was observed throughout the study period, these values fluctuated in 
the short term. Especially during two periods, in the latter half of the second wave (early April 2021) and the 
beginning of the fifth wave (January 2022), kt value exceeded one, suggesting that it was not highly overdispersed. 
Although the predominant variants (both D614G and Alpha were co-circulating in the second wave, while 
Omicron variants dominated in the fifth wave)24,25 and vaccination status differed between the two periods, they 
had one thing in common: a higher kt in the second wave was observed at the beginning of the fiscal year, with 
people’s movement associated with work and school transfers, and in the fifth wave was at the beginning of the 
new year, when many small gatherings were held, mainly as family gatherings. During these periods, there may 
have been many outbreaks among small groups of people rather than SSEs. Later, these small-group transmis-
sions decreased, increasing the proportion of people who did not infect anyone; however, the SSEs were not 
eliminated. It can be seen from Fig. 1 that there were not many clusters during these periods, and that a short 
after, the number of clusters increased. Thus kt dropped sharply thereafter. This differs from the pattern of the 
Omicron epidemic exacerbated by large-scale party clusters, as reported in other countries28–30. Another possible 
reason for the high kt at the beginning of the fifth wave is the influence of ascertainment bias. Individuals who 
do not transmit the disease may be more likely to be missed by surveillance, especially when the number of cases 
is small31. In December 2021, when there were very few cases of COVID-19 in Yamagata Prefecture, it is pos-
sible that cases who did not infect anyone were more likely to be missed, resulting in an overestimation of kt . In 
contrast, during the vacation period in mid-August 2021, known as the Obon period in Japan, the reproduction 
number was high (≥ 1), and the dispersion parameter was low (< 1), suggesting that many SSEs were occurring 
rather than a small group chain of transmission.

In this study, we showed the R and k separately for the transmission generations (G1 and G2+). It is clear 
from Fig. 3 that the reason k is lower in G2+ than in G1 is not that SSEs are more likely to occur in G2+; rather, 
it is because most G2+ cases did not generate secondary cases. To our knowledge, only one study has estimated 
k of COVID-19 separately for each generation showing that the value of k became smaller as the generation 
proceeded32, which was consistent with our results. Given that k is used in transmission models to quantify the 
uncertainty surrounding the estimation of the reproduction number and subsequent estimates of future case 
numbers33,34, we believe that it is important to estimate the parameter at least separately for G1 and G2+.

Our analysis was based on detailed forward and backward contact tracing conducted in Yamagata Prefecture. 
It has been shown mathematically using a branching process model that clusters can be found efficiently through 
backward contact tracing, especially in the presence of overdispersion35. Therefore, our results suggest that 
backward contact tracing is still beneficial after the emergence of VOCs and widespread vaccination. However, 
it is important to note that backward contact tracing, which investigates the source of infection, is logistically 
more burdensome than forward-tracing, which follows the people who have close contact with the case. When 
the number of cases increases significantly, it may not be feasible to investigate the sources of all cases. In such 
cases, because not all SSEs can be found and controlled, it would be effective to enforce measures such as limiting 
the number of people in restaurants and bars or reducing the number of large gatherings intensively to reduce 
random contacts with people other than those they meet regularly, depending on the epidemic situation4. Nev-
ertheless, a practical, effective, and feasible system to obtain epidemiological parameters should be established. 
In addition, a continuous evaluation of the costs (workload and expenses) and effectiveness of such a system 
should be conducted.

Our study had some limitations. First, because we relied on public domain data, case ascertainment bias might 
have affected the results. In particular, after the Omicron variant emerged, the daily number of cases increased 
dramatically, posing a substantial burden on the public health agencies. This may have led to some cases being 
misclassified as having not caused secondary transmission. It must be noted that underreporting leads to an 
underestimation of R. It also leads to overestimation of k when SSEs are missed36. Second, because the sublineage 
BA.137 of Omicron dominated during the study period, the overdispersion characteristics of other subvariants 
such as BA.2, BA,4, and BA.5, are unknown, and further study is warranted. Third, our analysis used data from 
only Yamagata Prefecture. Yamagata is a relatively small prefecture in terms of both population and population 
density, and the results may not generalize to Japan as a whole, or to other countries.

In conclusion, we showed substantial transmission heterogeneity throughout the epidemic period, predomi-
nated by VOCs (Alpha, Delta, and Omicron). We believe that it is important to continuously measure trans-
mission dynamics in each region and implement appropriate countermeasures. Establishing a feasible system 
to obtain epidemiological information is vital to making this possible, and a continuous evaluation of its cost-
effectiveness, depending on the epidemic situation, is also warranted for public health implications.

Methods
Ethical approval.  The study was approved by the ethics committee of the Yamagata Prefectural Institute of 
Public Health (approval no. YPIPHEC 21-05). We used only anonymized publicly available data; therefore, the 
individual informed consent was waived. All methods were performed in accordance with the relevant guide-
lines and regulations.

Setting.  Yamagata Prefecture is in the northern part of Japan (Supplementary Fig. S4), with a population of 
1.08 million. Among them, 50.5% are 20–64 years old, while 33.6% are 65 years old or over38. The population 
density ranks 44th (/47 prefectures) in Japan at 370.9 residents per square kilometer39. Between March 22 and 
April 25, 2021, a state of emergency was declared only in Yamagata City, the prefectural capital, and refraining 
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from unnecessary outings and travel was recommended. In other periods, measures such as restrictions on gath-
erings and reduced restaurant opening hours were implemented depending on the epidemic situation. Because 
the impact of emergency declarations and other measures varies from place to place within a prefecture, we 
did not analyze the relationship between these intervention policies and the dispersion parameter. Using open 
data from the Digital Agency40, the percentage of vaccination coverage in the Yamagata Prefecture is shown 
in Supplementary Fig. S6. Almost all vaccines used in Japan were mRNA vaccines (Pfizer and Moderna). For 
those aged 65 years and older, the coverage of the second dose of vaccines reached 75% in late July 2021 and was 
approximately 94% as of January 1, 2022, while for younger people, the coverage was less than 70% as of January 
1, 2022. The coverage of third-dose vaccination for all age groups during the study period was very low since 
booster vaccination started in early January 2022.

COVID‑19 case data and cluster data collection.  Public health centers have been conducting back-
ward contact tracing for COVID-19 cases to identify infection sources and transmission routes, in addition to 
active case findings from close contacts since the beginning of the epidemic in Yamagata41. The information 
collected by contact tracing has been put on prefectural and municipal websites to share the information with 
the general public21. We collected and collated these data, such as date of onset, confirmed date, and the source 
case or place of infection (if available), for analysis22. We limited the study period of the main analysis to Janu-
ary 19, 2022, by defining the cutoff as the upper limit of the confidence interval for the daily percentage of cases 
with an identified source of infection greater than 50% (Supplementary Fig. 1A). Aside from the information 
on individual cases, information on clusters (date of report, cluster size, and cluster type) was obtained from the 
Yamagata Prefecture website42.

Observed offspring distribution.  The definition of transmission pairs was based on a previous study8. 
We counted the number of secondary cases of each identified case based on the transmission pairs separately by 
the generation of transmission. Cases with an unknown source of infection or the earliest onset date among the 
identified transmission chains were regarded as G1, and the other cases were regarded as G2+. However, because 
there was a limitation in identifying the transmission pairs within the cluster cases after G2, clusters comprising 
several cases with primary exposure reported at a common event or venue were excluded from calculating the 
number of secondary cases of G2+. In addition, as a sensitivity analysis, we created a dataset of the number of 
secondary cases after excluding all cases associated with healthcare and facilities for the old and handicapped. 
This is because the clusters were generally larger, and multiple transmission generations might have occurred 
in these facilities, which may overestimate the transmission dispersion from a single primary case. Finally, we 
generated the offspring distribution based on the number of secondary cases from a single case each time.

Estimating transmission heterogeneity and the proportion of cases infecting 80%.  We fit-
ted a negative binomial distribution to the observed offspring distribution by the Bayesian approach. The two 
parameters of the distribution, mean ( R ) and dispersion parameters ( k ), were estimated using the Hamiltonian 
Monte Carlo method (HMC). To estimate the time-varying dispersion parameter ( kt ), we subset cases in a fixed 
window that included cases from one week before and after the corresponding date. We check the validity of 
the window length by comparing the observed mean number of secondary cases with those estimated by the Rt 
and kt posterior distribution (as detailed in the Supplementary Material). In estimating kt , it sometimes diverged 
because the sample size in a given time window was too small to permit the estimation. Because of the instability 
of the estimation, those time windows were excluded from the results.

Assuming that the number of secondary cases ( X ) follows a negative binomial distribution with the estimated 
parameters ( R and k ), the expected proportion of cases responsible for 80% ( P80 ) of transmission was given by 
the following equation proposed by Endo et al.1.

where X satisfies

The calculation can be eased by the following.

Data availability
The aggregate data and code are available by emailing the corresponding author upon reasonable request.
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