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Understanding the adoption and diffusion of new transportation systems such as car sharing is remains 

challenging. We develop a methodological framework based on innovation and technology diffusion to 

describe the diffusion process focusing on spatial and social effects. Our objective is to be able to describe 

the expected new users over time for stations added to the network.  

In order to do so, potential users are divided into two types: fast-adopters and followers. We formulate 

the fast-adopter model integrated with an information diffusion model to capture the initial changes. The 

follower model considers both the follower effect and a constant effect to present the effect that users enter 

the system over time. Further, to estimate the models not globally but at the station level, a redistribution 

model is established based on some reasonable assumptions. The least square method and gradient descent 

optimization algorithms are used to estimate the parameters.  

The models were applied to the data from the Ha:mo RIDE car share system in Toyota city. The results 

illustrate that our model can fit the actual data well, both in terms of short-term sudden changes and long-

term tendencies. Then, an initial spatial analysis of parameters was made. Finally, the reliability and prob-

lems of our method and further works are discussed. 
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1. INTRODUCTION 
 

In recent years, with the emergence of new transport 

modes, such as the introduction of electric vehicles, 

high speed rail, car-sharing and bicycle-sharing, our 

transport systems are undergoing major changes, 

leading to profound impacts on travel behavior and 

lifestyles. 

Both short-term and long-term demand dynamics 

forecasting remain important challenges for new 

transportation system, since currently we do not fully 

understand the mechanisms as to how a population 

adopts to new transportation systems. 

Diffusion of innovation theory emerged in the first 

half of the 20th century 1) and has received attention 

across multiple disciplines within economics and so-

cial sciences over the years 2)-4). The basic theory is 

simple and intuitive. Innovations diffuse into society 

following a logistic growth curve. Early demand for 

an innovation motivates additional future demand 5). 

Recently, disaggregate diffusion models, incorpo-

rates heterogeneity among decision-makers in the 

adoption process, in conjunction with discrete choice 

models to represent the utility maximization behav-

iour of decision-makers are becoming more and more 

popular, since the higher accuracy and more available 

personal data 6),7). Moreover, integrating stated pref-

erence (SP) with revealed preference (RP) data 
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would be a better approach to forecast the adoption 

of new transportation services 8). 

The aggregated models on system level can be im-

plemented easily but could not account for more var-

iables (e.g. spatial effects) and usually no good fitting 

for real data while disaggregated models in user level 

may be transferable across different conditions and 

have better prediction power, however, huge personal 

information collection is still the obstacle in practice. 

The objective of this research is to develop a meth-

odological framework to model the adoption and dif-

fusion process by considering the spatial and social 

effect. Further, we aim to distinguish different adap-

tation behaviour for different types of stations and in 

different parts of the city leading to models at station 

level rather than on the system or user level. This al-

lows to take the effect of facility extensions (new sta-

tion establishment) into consideration which is the 

significant feature for transportation system diffu-

sion. 

The structure of this paper is as follows: After this 

introduction, in Section 2 we offer a description of 

the Bass model and our framework including deci-

sion making, information diffusion, station based 

adoption model and redistribution model.  

In Sections 3, by using the least square estimation 

and gradient descent optimization algorithms, the pa-

rameters of stations can be estimated. In Section 4, as 

an example for adaptation to a car share system, data 

from Toyota city are used to illustrate how well new 

users to the system can be estimated. Finally, in Sec-

tion 5 some initial conclusions and possible future re-

search is discussed. 
 

 

2. MODEL CONCEPTUALIZATION 
 

In this section, at first, we will give a brief introduc-

tion of the Bass Model then offer a description of our 

framework to model the adoption in the station level. 
 

2.1 The Bass Model 

The Bass model is well-known in the marketing sci-

ence. Adopters can be divided into two distinct 

groups: innovators and imitators. The technology dif-

fusion literature stresses on the importance of the role 

of those two different types of adopters in shaping the 

market penetration rate of a new good or service. In-

novators are individuals that “decide to adopt an in-

novation independently of the decisions of other in-

dividuals in a social system” while imitators are 

adopters that “are influenced in the timing of adop-

tion by the pressures of the social system” 5). Bass 

formulates the probability that a certain consumer 

will make an initial purchase at a given time t given 

that no purchase has been yet made by that specific 

consumer denoted as 𝑃(𝑡) in the equation below as a 

linear function of the number of previous buyers: 

 
𝑓(𝑡)

1−𝐹(𝑡)
= 𝑃(𝑡) = 𝑝 + 𝑞 ∙ 𝐹(𝑡)              (2-1) 

 

with p as the coefficient of innovation; q as the coef-

ficient of imitation; and  𝑓(𝑡) being the likelihood of 

purchase at t and 𝐹(𝑡) as the cumulative proportion 

of adopters by time t. p reflects the percentage of 

adopters that are innovators while q reflects the effect 

on imitators with an increase in the number of previ-

ous adopters. 

In practice, we found that this model had the ability 

to predict the long-term tendency, but cannot explain 

the initial or short-term changes in the system. 
 

2.2 Framework 

2.2.1 The process of adoption 

The process of adoption for individuals can be con-

sidered as three stages: 

a. Information receive stage 

Individuals receive some information about the 

transportation service at time t. For example, the in-

formation that a new station s was opened and was 

received by person j at time t. 

b. Evaluation stage 

Then person j will evaluate service and demand ac-

cording to the attributes of service as well as station 

accessibility. 

c. Decision making stage 

Finally, person j will decide whether to adopt to the 

service or not at time t+1. In this stage, social effects, 

individual factors and the evaluation will both influ-

ence their decisions. 

If one did not adopt to system, he or she will repeat 

the process a. to c. until the adoption. 
 

2.2.2 Classification of individuals 

In our models, depending on the willingness of 

adoption individuals can be classified into groups: 

Fast-adopters, Followers, and Non-adopters. 

Fast- Adopters: Quickly adapt to new service after 

receive information of system. 

Followers: Progressively adapt to the new service. 

1.some of them may be affected by the other people 

around. If there are more people around using the ser-

vice, then more people are likely to adopt to it. Here 

we call this the “follower effect”. 

2.the other of them will decide to adopt the service 

independently. The probability to adopt would be a 

constant. Here we call this the “constant effect”. 

Non-adopters: Have no potential demand and no 

interest in the new service, there is no way to encour-

age them to join. 
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2.2.3 Information diffusion model 

We assume that the probability for individuals to ob-

tain the information of stations is a constant. 
 

𝑔𝑠(𝑡) = 𝑎𝑠 ∙ (1 − 𝐺𝑠(𝑡))               (2-2) 

 

𝐺𝑠(𝑡 + 1) = 𝐺𝑠(𝑡) + 𝑔𝑠(𝑡)             (2-3) 

 

𝐺𝑠(1) = 𝐼𝑠                                (2-4) 

 
𝐺𝑠(𝑡): Cumulative the proportion of individuals re-

ceived the information of station s by time t 

𝑔𝑠(𝑡) : Proportion of individuals receive the infor-

mation of station s at time t 

𝑎𝑠: Probability to obtain the information of station s 

(information diffusion speed)  

𝐼𝑠 : Proportion  of individuals receiving the infor-

mation of station s when the station is opened. 

 

2.2.4 Adoption model 

As mentioned before, adopter can be divided into 

two groups, one is fast-adopters and other is the 

followers. 
 

𝑓𝑠(𝑡) = 𝑓𝑠
1(𝑡) + 𝑓𝑠

2(𝑡)                        (2-5) 
 

𝑓𝑠(𝑡): Ratio of adopters to the total market for station 

s at time t. 

𝑓𝑠
1(𝑡): Ratio of fast-adopters to the total market for 

station s at time t. 

𝑓𝑠
2(𝑡): Ratio of followers to the total market for sta-

tion s at time t. 
 

Fast-adopters are depended on the information dif-

fusion and the percentage in the adopters. 

 

𝑓𝑠
1(𝑡) = 𝑝𝑠 ∙ 𝑔𝑠(𝑡)                           (2-6) 

 

𝑝𝑠: Proportion of fast-adopter for station s 

 

There are more issues we should take into consider-

ation in estimation of the followers, such as the fol-

lower effect and the constant effect mentioned before. 

 

𝑓𝑠
2(𝑡) = (q𝑠 ∙ 𝐹𝑠(𝑡) + c𝑠) ∙ (𝐺𝑠(𝑡 − 1) − 𝐹𝑠(𝑡))   (2-7) 

 

c𝑠: Coefficient of the constant effect 

q𝑠: Coefficient of the follower effect 

𝐹𝑠(𝑡)   Cumulative proportion of adopters at time t 

around station s 

According to the estimated results at time t-1, up-

dating the data at time t: 

 

𝐹𝑠(𝑡) = 𝐹𝑠(𝑡 − 1) + 𝑓𝑠(𝑡 − 1)         (2-8) 

The primary new users of stations can be calculated 

as:  

 

𝑁𝑠
𝑝(𝑡) = 𝑀𝑠 ∙ 𝑓𝑠(𝑡)                     (2-9) 

 

where 𝑀𝑠  is the total number of potential users for 

station s. 
 

2.2.5 Redistribution Model 

We distinguish in our model so called “primary” and 

“secondary” new users. The difference between the 

two is that the latter are new users who in our model 

are (firstly) associated with other stations but who 

also start to use station s. In other words, users have 

a base station with which we associate them but users 

are obviously also using other stations. We refer to 

the new primary users as  𝑁𝑠
𝑝(𝑡) and the secondary 

(or related) new users as 𝑁𝑠
𝑟(𝑡). 

Suppose that one new user is observed at a total of 

A stations in the initial time period when he joins the 

system, that is one primary, base station and A-1 sec-

ondary stations. Given this assumption we obtain fol-

lowing relationships where 𝑁𝑠
𝑜(𝑡) is the estimated to-

tal number of new users at station s. 

 

𝑁𝑠
𝑜(𝑡) = 𝑁𝑠

𝑝(𝑡) + 𝑁𝑠
𝑟(𝑡)                   (2-10) 

 

∑ 𝑁𝑠
𝑟(𝑡) = (𝐴 − 1) ∑ 𝑁𝑠

𝑝(𝑡)𝑠𝑠           (2-11) 
 

Here we aim to redistribute the total number of re-

lated new users to different stations rightly. It is a rea-

sonable assumption that for individuals, the probabil-

ity to choose related stations depends on the general 

demand of the stations. Moreover, this general de-

mand has a positive correlation with the current po-

tential market (𝐺𝑠(𝑡) ∙ 𝑀𝑠). It can be explained as one 

station has more potential attracted users, usually has 

higher probability to be chosen as a related station by 

users attracted by other stations. 𝑑𝑠,𝑡 denotes the por-

tion of related new users for station s at time t. 
 

𝑁𝑠
𝑟(𝑡)=𝑑𝑠,𝑡 ∙ (𝐴 − 1) ∙ ∑ 𝑁𝑠

𝑝(𝑡)𝑠         (2-12) 

 

𝑑𝑠,𝑡 =
𝐺𝑠(𝑡) ∙ 𝑀𝑠

∑ 𝐺𝑠(𝑡) ∙ 𝑀𝑠𝑠
⁄          (2-13) 

 

 

3. PARAMETERS ESTIMATION 
 

In Section 2, we established some models to de-

scribe the process of adoption to the new transporta-

tion service at station level. Next, we aim to estimate 

parameters in the model by least square estimation. 

The objective is to adjust the parameters of the model 

function to best fit a data set. We formulate this as 

follows: 
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J(𝜽) = ∑ ∑ (𝑦𝑠,𝑡 − 𝑁𝑠
𝑜(𝑡)))2𝑇

𝑡=1
𝑆
𝑠=1        (3-1) 

With 𝑦𝑠,𝑡as the observed new users at time t for sta-

tion s. 

As shown in our models, denote 𝜃𝑠 as the parame-

ters we want to estimate for station s. 𝜽 the parameter 

set can present as following: 
 

𝜃𝑠 = [a𝑠 I𝑠 p𝑠 q𝑠 𝑐𝑠 M𝑠]        (3-2) 

 

𝜽 = [
𝜃1

⋮
𝜃𝑛

]
                             (3-3) 

 

To search the optimize parameters of the function 

J(𝜃), we make use of the Gradient Descent, which is 

a first-order iterative optimization algorithm. To find 

a local minimum of the function using gradient de-

scent, one takes steps proportional to the negative of 

the gradient (or of the approximate gradient) of the 

function at the current point 9). We start the process 

with some arbitrary initial value 𝜽0.Then we find the 

“better guess” 𝜽1.The process is repeated until a suf-

ficiently accurate value is reached. 𝛾 is a small value 

to control the step length. 

𝜽𝑘+1 = 𝜽𝑘 − 𝛾 ∙ 𝛻J(𝜽𝑘)              (3-4) 

 

 

4. CASE STUDY 

 
4.1 Car sharing system (Ha:mo RIDE) 

Ha:mo RIDE is a mobility sharing system providing 

better and more convenient access by small electric 

vehicles. It can be used for commuting, tourism, 

shopping or even transfer from public transportation 

smoothly and efficiently. Users can reserve vehicles 

by smartphone easily, and board at any stations and 

return the vehicle at whichever station is convenient. 

This system was introduced in Sept 2013 in Toyota 

City as well as later in Tokyo, Grenoble and Oki-

nawa. At beginning, Ha:mo RIDE in Toyota City had 

only few stations, but now has more than 4,000 reg-

istered members. By now, after several extensions 

there are 62 stations. In this case study, the time 

epoch for analysis was set as one month, and 40 

months of individual rental records were obtained un-

til Dec 2016.  

 

4.2 Estimated New Users 

The number of new users and estimated results over 

40 months are shown in Fig.2. On an aggregate level 

one might distinguish following changes: 

 

Fig. 1 Stations of Car Share System in Toyota (Ha:mo RIDE) 

 

 

Fig. 2 Estimated Results 

(set the new users in month 22 as the baseline = 100%) 

 

In the initial two months we observed a sudden 

growth of new users. Then from month 2 to 15 (Oct 

2013 - Mar 2015), the number of new users entering 

the system in a month quickly went down. But later 

the continuously growth from month 15 to 26 (Dec 

2014-Nov 2015) was observed. Finally, the number 

of new users keeps roughly stable but a little drop 

during the remaining observed months. 

The R-squared value, as a statistical measure that 

represents the percentage variation explained by the 

model, was calculated as 0.983. This illustrates the 

effectiveness of our model. 

In general, our model can replicate the observed 

data quite well and reflect both the long-term ten-

dency and short-term changes. However, we also no-

tice that in the winter months 15-17 (Dec 2014 to Feb 

2015), and 27-29 (Dec 2015 to Feb 2016), the esti-

mated result is much lower than the actual. It may be 

caused by the low temperature in winter, which was 

not considered in our models. 
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4.3 Spatial analysis of parameters 

4.3.1 Potential Market 𝑴𝒔 

Fig. 3 shows the estimated potential market for the 

different Ha:mo RIDE stations. We observe that if 

there would not be Ha:mo RIDE stations at Toyota 

station or around Toyota Company a large number of 

Ha:mo RIDE users might not have started using the 

system.  
 

 

Fig. 3 Heat Map of Potential Market of Stations 

 

4.3.2 Information Diffusion 

Fig. 4 shows differences in information diffusion 

around different stations. Especially around railway 

stations our model estimates that the new user pattern 

can be best explained with high information diffu-

sion. This seems reasonable as demand is dynamic 

and commuters are usually well-informed. 
 

 

Fig. 4 Heat Map of Information Diffusion of Stations 

 

5. DISCUSSION 
 

The paper proposes a novel methodological frame-

work based on innovation and technology diffusion 

model to describe the diffusion process by focusing the 

quantifying the spatial and social effects. We envisage 

this approach to be particularly useful for describing 

adoption to new transport services under the condition 

of the facility extension.  

In this paper, we firstly discuss the aggregated model 

on system level, disaggregated model in user level and 

the comparison of these models. We therefore propose 

our framework including the process of adoption, clas-

sification of individuals, information diffusion model, 

adoption model and redistribution model. 

Our models are applied to the data from the car share 

system in Toyota (Ha:mo RIDE). Over the 40 months of 

operation we could observe initial sudden changes and 

long-term tendency of new users. The results illustrate 

that our model can fit most of the adoption curves for 

stations over time with limited parameters very well. 

This curve can also be used to predict the future new 

users attracted to the system for existing stations. There-

fore, our model can help targeting advertisement to spe-

cific locations and specific times to increase new users. 

Beyond estimation, there are still some key issues that 

need to be discussed. Since we established our model in 

station level, there is an unavoidable problem that for 

the stations with few time periods and new users, the 

estimated parameter may be unreliable. Even they will 

not affect the results too much in system level analysis, 

we still need to deal with them carefully in the parame-

ter analysis. 

Finally, there are still a number of issues that need to 

be addressed in further work. Firstly, more analysis 

should be done on the relationship of station parameters. 

It will help to forecast the parameters for new stations. 

Secondly, the patterns of stations should be classified 

according to the estimated parameters. Besides, if the 

data are combined with population and land-use data 

our model might also be a basis for the demand pre-

diction for new stations in existing schemes or even 

totally new markets. 
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