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Application of an individual-based model with real data for transportation 
mode and location to pandemic infl uenza

infl uenza1–6 or a bioterrorism attack.7 For example, the 
studies of Ferguson et al.1 and Longini et al.,2 two very 
famous studies which have been cited in the WHO contain-
ment strategy and the pandemic plan of the United States, 
both use such models. However, even if we can construct 
the model as fi nely as possible, it is just a model, not real, 
and it cannot mimic the real world precisely. Moreover, it 
cannot model the risk of infection when people commute 
by train, especially when trains are very crowded, as they 
can be in Tokyo and other large cities in Asia. Germann et 
al.4 and Ferguson et al.5 constructed a model for the United 
States and one for the United Kingdom, but they ignored 
the possible risk inherent in commuting. Therefore, we need 
to create a new model from the viewpoint of urban engi-
neering, i.e., we should use real data for transportation 
modes and locations, and simulate the diffusion of an infec-
tious disease into that real data.

Using a real data set and an individual-based model, we 
can trace the diffusion of disease from one arbitrarily chosen 
person to the whole of the metropolitan area day by day. 
We can construct a mathematical model for pandemic infl u-
enza so as to evaluate the effectiveness of school or work-
place closure and the risk of commuting on crowded trains, 
or to measure the necessary distance for area quarantine. 
For example, we can measure the distribution of diffusion 
when we fi nd clusters in a small area. We call this model a 
real individual-based model (hereafter, Ribm) and we 
propose that this is the best mathematical model for plan-
ning to prepare for pandemic infl uenza at this time.

Similar studies have already been performed. For 
example, Eubank et al.8 confi rmed the small worldness 
using actual location data in Portland, a city which has a 
population of 1.6 million, and their group applied this to a 
bioterrorist attack of smallpox.9 However, they ignored 
contact within transportation devices, including trains. Con-
versely, in Japan, another study only used data about contact 
in commuter trains,10 but it ignored contact in other places, 
e.g., households, schools, and workplaces. Therefore, data 
which include both location and transportation seem to be 
the most important and useful, but such data have not been 
used so far. Differences among households, schools, work-
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Abstract Currently, an individual-based model is a basic 
tool for creating a plan to prepare for the outbreak of pan-
demic infl uenza. However, even if we can construct the 
model as fi nely as possible, it cannot mimic the real world 
precisely. Therefore, we should use real data for transporta-
tion modes and locations, and simulate the diffusion of an 
infectious disease into that real data. In the present study, 
we obtained data on the transportation modes and locations 
of 0.88 million persons a day in the Tokyo metropolitan 
area. First, we defi ned the location of all individuals in the 
data set every 6 min. Second, we determined how many 
people they came in contact with in their household, in each 
area, and on the train, and then we assumed that a certain 
percentage of those contacted would become infected and 
transmit the disease. Data for natural history and other 
parameters were taken from previous research. The average 
number of contacts in each area was 51 748 (95% confi dence 
intervals [CI],46 846–56 650]), at home it was 246 (95% CI, 
232–260), and on the train it was 91 (95% CI, 81–101). The 
number of newly infected people was estimated to be 3032 
on day 7 and 126 951 on day 10. The geographic diffusion 
on day 7, the day when the earliest response would have 
started, expanded to the whole of the Tokyo metropolitan 
area. We were able to realize the speed and geographic 
spread of infection with the highest reality. Therefore, we 
can use this model for making preparedness plans.
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Introduction

Currently, individual-based models are basic tools used in 
creating plans to prepare for the outbreak of pandemic 
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places, and trains are also important in the sense of fre-
quency and closeness of contact. In this research, we were 
permitted to use the Person-Trip data of the Tokyo metro-
politan area (hereafter, PT data) so as to make a prepard-
ness plan for pandemic infl uenza and/or bioterrorism. We 
focus especially on how pandemic infl uenza would diffuse 
through the Tokyo metropolitan area when the fi rst case is 
introduced to Japan.

Methods

The PT data10 were collected in 1998 and included data on 
all transportation modes, such as cars, trains, buses, bicycles, 
and walking, and the locations of 0.88 million persons a day 
in the Tokyo metropolitan area (which has a population of 
33 million). In other words, about 2.7% of the population 
was randomly chosen and their actual behavior was sur-
veyed for urban planning. This set of data includes, all trans-
portation modes and locations in 1 day for all family 
members over 5 years old. The types of places were defi ned 
as household, school, workplace, and others. We were able 
to identify the area where these people are in terms of 1648 
zones, each of which is 1 km2 on average. Moreover, we 
know the name of the station where the people get the train 
and where they get off, and the timing.

At fi rst, we defi ned the location of all individuals in the 
PT data every 6 min. Location was defi ned as at home, the 
zone they are in, and train which they take. Second, we 
determined how many people they came in contact with in 
their household, in each area, and on the train. Then, we 
examined whether the distribution of contact in the house-
hold, area, and train were scale-free. Namely, we estimated 
the exponential distribution as P(k) = ak−b, where k is the 
number of contacts, and P(k) is the probability. If b is sig-
nifi cantly positive, it means that it is scale-free. To estimate 
b, we adopted two methods.

One procedure was regression log transformation of the 
cumulative distribution: C (k) = ak1−b/(1 − b), log C (k) = 
log (a/(1 − b)) + (1 − b) log k on log k, and 1 minus the esti-
mated coeffi cient of log k, is the estimator of b. Another 
procedure was a regression log transformation of the prob-
ability density function: logP (k) = loga-blogk on logk 
and minus the estimated coeffi cient of logk is the estimator 
of b. The probability density function is estimated by the 
slope of the cumulative distribution function, which is 
observable.

So as to see the small worldness visually, we also per-
formed a simulation of pandemic infl uenza on the PT data 
by assuming that a certain percentage of those contacted 
would become infected and transmit the disease. In this 
simulation, 0.88 million persons behave as the data states 
and come in contact with each other every day. The proba-
bility of infection, of course, depends on the type of place, 
such as household, school, workplace, and train, based on 
how close the proximity of the people in that area is.

Transmission in each area or on the train is assumed to 
occur in a 1-m circle. As the area is defi ned by zones which 

are 1 km2 on average, contact in the area is estimated to be 
n × 3.14× 37.0/10002, where n is the number of people in the 
same area at the same time in the PT data and 37.0 is the 
reciprocal number of the sampling rate, 2.7%. Similarly, 
contact in the train is defi ned as n × 3.14 × 37.0/1200, where 
n is the number of people on the same train at the same 
time in the PT data and 1200 indicates the total area of the 
train, assuming a carriage has an area of 4 m × 30 m and each 
train has 10 carriages. Because there have been no studies 
of transmission in crowded trains, though infection in air-
planes has been studied,11 we had to assume the probability 
of transmission; it was assumed to be 100α% if someone 
was around a symptomatic patient for more than 1 h within 
a distance of less than 1 m, where α is infectiousness at home 
or in that area. If the person stayed for less than 1 h, the 
probability was assumed to decline proportionally accord-
ing to the duration. For example, if someone were to stay 

Fig. 1. Cumulative distribution function of contact in the area
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Fig. 2. Cumulative distribution function of contact at home
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around a patient for 6 min, the probability of infection was 
assumed to be 10α%.

Data for the natural history of the disease, the period 
when the patient is infectious, and the incidence and infec-
tiousness of asymptomatic patients, as well as the withdraw 
rate were taken from previous research.3,4 The α value was 
determined by these parameters, and thus the basic repro-
duction number (R0) at home or in the area was the same 
as that in the previous research, in which R0 was assumed 
to be 1.6–2.4. In other words, this model assumes a higher 
R0 than the previous research, due to taking infection in 
crowded trains into consideration.

A simulation was performed with the following scenario: 
the initial patient was infected in an affected area outside 
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Fig. 3. Cumulative distribution function of contact on the train
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Fig. 4. Histogram of contact in the area

Fig. 5. Histogram of contact at home
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Fig. 6. Histogram of contact on the train

Japan on day 1, then s/he came back to Japan on day 3, and 
s/he infected her/his family at Hachiouji. Her/his workplace 
was proposed to be at Marunouchi and so s/he commuted 
by train on day 4 when s/he was exhibiting symptoms. On 
day 5, s/he visited a doctor. The doctor suspected H5N1 
from her/his travel history and ordered tests from the local 
public laboratory. At least 1 day is necessary to obtain the 
test results, and thus any response to contain the spread of 
the disease would start on day 6 if decisions were made as 
soon as possible.

Finally, so as to evaluate countermeasures, we used vol-
untary staying at home as one example of a counter-
measure. In this countermeasure, we assumed that the 
person would reduce 40% of their commute by train and 
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Fig. 7. Probability density function of contact in the area
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Fig. 8. Probability density function of contact at home
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Fig. 9. Probability density function of contact on the train

80% of other activities, including school or shopping, and 
this would start on day 6 or 7.

Results

We estimated the number of contacts using 638 individuals 
who were randomly chosen from the whole of the PT data. 
This number of examined individuals was chosen because 
of limitations in computer resources. The average number 
of contacts in each area was 51 748 (95% confi dence inter-
vals [CI], 46 846–56 650), at home it was 246 (95% CI, 232–
260), and on the train it was 91 (95% CI, 81–101). Figures 1 
through 3 show the cumulative distribution of the number 

of contacts in the area, at home, and on the train, respec-
tively Figures 4 through 6 show the probability density func-
tion from the histograms, while Figs. 7 through 9 show the 
probability density function from the slope of the cumula-
tive distribution.

Table 1 summarizes the estimation results from the 
cumulative distribution function, and the estimation results 
from the probability density function through the slope of 
cumulative distribution are shown in Table 2. All estimates 
for b, which is the power parameter, were signifi cantly posi-
tive in all areas, households, and trains. The estimated coef-
fi cients were 0.25, 0.57, and 0.33, respectively, (Table 1), and 
0.75, 0.69, and 0.83, respectively (Table 2).

Figures 10–17 show the data from day 3, when the initial 
patient came back to Japan, to day 10, when the computa-
tional burden exceeded our computer resources. The maps 
in these Figs. were made by ArcGIS with map information 

Table 1. Estimation results from the cumulative distribution function

Contact place Estimated coeffi cient P value* Estimated 
coeffi cient of b

Area 0.7498115 0.000 0.25
Household 0.4348235 0.000 0.57
Train 0.6774273 0.000 0.33

* P value for the null hypothesis that b = 0

Table 2. Estimation results from the probability density function

Contact place Estimated coeffi cient P value* Estimated 
coeffi cient of b

Area −0.7528538 0.000 0.75
Household −0.6857427 0.000 0.69
Train −0.8329078 0.000 0.83

* P value for the null hypothesis that b = 0
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Fig. 10. Simulation result of the infection on day 3

Fig. 11. Simulation result of the infection on day 4
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Fig. 12. Simulation result of the infection on day 5

Fig. 13. Simulation result of the infection on day 6
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Fig. 14. Simulation result of the infection on day 7

Fig. 15. Simulation result of the infection on day 8
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Fig. 16. Simulation result of the infection on day 9

Fig. 17. Simulation result of the infection on day 10
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from numerical map 25 000 produced by the Geographical 
Survey Institution, the Ministry of Land, Infrastructure and 
Transport, Japan, and map information by prefecture pro-
duced by ESRI Japan.

Circles in the fi gures indicate the newly infected people 
at their home address when they were infected. The sizes of 
the circles indicate the numbers of newly infected people. 
The number of newly infected people was estimated to be 
3032 on day 7 and 126 951 on day 10.

Figure 18 shows the epidemic curves of one “no interven-
tion” subject (i.e., and two control subjects. For the no inter-
vention subject the number of infected people was huge 
after day 7, so, these data are not shown.

Discussion

Because the actual number of contacts in Japan is not 
known, and this number is not well known outside Japan, 
our fi nding that social contact is scale-free with low power 
must be very valuable. Even though the two estimators, 
from the cumulative distribution and the probability density 
function through the slope of the cumulative distribution, 
were slightly different, they are lower than one and thus 
show low power. So far, the power of in an actual society is 
estimated as 1.9 to 3.5 in sexual partners or contact,12,13 but 
it has never been estimated for contact in areas, trains, or at 
home. Therefore our fi ndings about lower but signifi cant 
power in usual activity are quite important.

We proposed that the initial patient visited a doctor on 
day 5 and that the response started as soon as possible, on 
day 7. According to the geographic diffusion shown in Fig. 
14, the infection had expanded to the whole of the Tokyo 
metropolitan area by day 7. Therefore area quarantine 

would be diffi cult to perform, and 5- to 20-km radius area 
quarantine, which has been proposed in previous studies14 
would fail to contain the disease.

The fi gures do not indicate any infections in the areas 
surrounding the Tokyo metropolitan area; such as Gunma, 
Tochigi, Yamanashi, and Shizuoka prefectures and the 
northern area of Ibaragi prefecture. However this does not 
mean that there are no infections in these areas. It is simply 
because the PT data we used do not cover these areas and 
thus our simulation model cannot predict any infections in 
these areas. For the same reason, our results do not show 
any infection in other large cities outside the Tokyo metro-
politan area; such as Osaka, Nagoya, or Fukuoka. We can 
easily assume, however, that the situation would be almost 
the same in other large cities with a few days or even just a 
few hours of delay.

On the other hand, in local cities, transportation by train, 
especially commuting, is not as common as it is in the Tokyo 
metropolitan area, so disease transmission is slower in local 
cities than in the Tokyo metropolitan area. Therefore, we 
may have some chances to contain an outbreak using an 
area quarantine strategy in these local cities.

However, voluntary staying at home is more effective 
than a quarantine strategy. It can reduce the number of 
those infected to about 1/13 compared with the number 
infected without the implementation of such a policy. More-
over, its cost is estimated to be minimal. This policy is rec-
ommended by the preparedness plan.

We note that there are many limitations in our simula-
tion. First of all, many parameters, such as the width of the 
train or area of the zone, or infectiousness, were assumed. 
Thus, we may have overestimated or underestimated the 
number of patients. For example, though we assumed that 
the area of a zone was 1 km2, the area where people are 
present is much smaller than the whole area of the zone. 
In this case, the amount of contact and thus the number 
of patients may have been underestimated. In general, such 
an uncertainty is fi xed by wide sensitivity analysis. However, 
our model is too huge to perform sensitivity analysis and 
it would require a long time due to the limitation of com-
puter resources. Therefore we cannot perform sensitivity 
analysis yet. Such a robustness check is the next challenge. 
As this model is stochastic, each simulation must have dif-
ferent results and the number of patients is assumed to 
have a broad distribution. However, even if the number of 
patients may be underestimated or overestimated, the 
speed of spread does not seem to be greatly affected by 
the set parameters of the estimated number of patients, 
because signifi cant small worldness was confi rmed, as 
shown in Tables 1 and 2. In this sense, estimation of the 
number of patients itself is not so important, and the speed 
of spread is more important for this model. As Figs. 10–17 
show, the speed of spread may be much higher than that 
shown by our image so far because of its small worldness, 
and this fi nding is the most important message of this 
simulation.

Second, the data we used were for the behavior of 0.88 
million persons, but only for 1 day. In general, we change 
our behavior slightly day by day. Typically, we behave in 
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Fig. 18. Effect of voluntary staying at home. Diamonds, no interven-
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tary staying at home started day 7
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different patterns on the weekend in comparison with 
weekdays. Therefore, the actual contact pattern and thus the 
numbers of contacted persons are not the same every day. 
However, this model does not incorporate such an obvious 
fact. This reduces the transmission effi ciency of the model 
in diffusing pandemic infl uenza.

Third, we did not examine the effect of countermeasures 
such as antiviral prophylaxis, school closure, and/or vaccina-
tion. In principle, however, we can apply this model to the 
issue of countermeasures. This application is one of the next 
challenges.

Conclusion

In this study, we used actual data for transportation and 
location combined with an ibm, and applied the data to 
pandemic infl uenza. We were able to realize the speed and 
geographic spread of infection with the highest reality. 
Therefore, we can develop the Ribm as a useful model 
which we can use in making preparedness plans. So as to be 
more useful, we have to extend the Ribm to local cities with 
long-distance transportation by airplane or the bullet train, 
as well as the Tokyo metropolitan area. Unfortunately, an 
Ribm has not been adopted in the preparedness plan for 
pandemic infl uenza15 so far, but we hope to use an Ribm to 
improve the plan.
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