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Demand forecasting for successive generations 
of mobile telecommunication service in Ethiopia
Birku Reta Entele1* and Bikram Acharya2

Abstract:  The Ethiopian telecommunication market has been expanding slowly due 
to supply side constraints. However, these days, government has already 
announced to open market to the private operators and in this environment, the 
upcoming mobile telecommunication market, where 4 G service was already intro
duced in 2015, is becoming more substitutive and competitive. Thus, this study aim 
to forecast the switchers and leapfrogers demand for 3 G and 4 G mobile data 
services in Ethiopia. In order to do so, firstly, we investigated consumer preferences 
for mobile data generation services. Secondly, we estimated the mobile phone 
diffusion using Bass model to predict the future potential market size. Finally, we 
combined both models and forecasted the switchers and leapfrogers demand for 
3 G and 4 G mobile data services. The result reveals that, by 2025, the 3 G and 4 G 
data service subscribers are forecasted to be 40 and 1.93 million, respectively, 
including both switchers and leapfrogers adoption. The policy implications are: (1) 
Service provider should adjust its service supply plan as per the forecasted demand. 
(2) Service provider should charge its service package strategically considering 
demand elasticity and finally, the service provider should make proper expansion of 
4 G infrastructure since consumers are verging towards 4 G data services.
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1.. Introduction
The diffusion of innovation theory explains how, why, and at what rate new ideas and technology 
spread in to the society (Rogers, 2003). Newer technologies are continuously replacing older one 
through overriding better quality and mode of services compared to its previous generation. Because 
of successive innovations, for instance, in telecommunication industry, mobile phone services almost 
replaced fixed line telephone mostly in developing economies, and now internet- based services are 
about to replace the mobile phone analog voice services and hope will be continue in the future. 
However, this continues replacement is not taking place overnight, rather it takes time for innovators 
and imitators to adopt and diffuse it. The latest generation technology version can be diffused to the 
market in such a way that it may widen the market through expanding its services to previously 
uncovered areas, and it will also create an opportunity for older technology users to switch to the 
newer version so that able to benefit with the extra feature of the latest technology services (Norton 
& Bass, 1987). Because of this substitution effect, the older technology may lose its potential users in 
such a way that the potential customers can leapfrog to the latest version of technology and 
customers who have been using the older generation service can able to switch to the latest 
generation services (Norton & Bass, 1987). As the latest version of generation introduced to the 
market within short period interval, the earlier technologies continue to diffuse to the potential buyers 
while the substitution process continues towards the newer technology. Hence, at the early stage the 
demand for older technology may also increase as a substitution simultaneously occurs.

Pioneer diffusion model of new product in marketing was developed by Bass (1969) who focused on 
durable, single product diffusion cases without considering any driving forces of diffusion (Bass, 1969). 
However, since then many scholars have been improved the model and studied on the diffusion 
pattern of successive generation such as (Norton & Bass, 1987). Mahajan and Muller (1996) have 
developed extension of Bass model to consider the diffusion and substitution pattern simultaneously 
for each successive generation technology services. Speece and Maclachlan (1995) developed a model- 
incorporating price as driving force that means as explanatory variable for diffusion process. Islam and 
Meade (1997) have worked to check the hypothesis of constancy of innovation and imitation coefficient 
over a successive generation technologies. Jun and Park (1999) developed a model that 
incorporates choice and diffusion effects to capture simultaneously the substitution and diffusion 
process for each successive generation of technologies. (Danaher et al., 2001) have developed model 
that incorporates first time sales and time interval-based renewals including marketing mix. Jiang and 
Jain (2012) proposed two generation product diffusion with explicit diffusion of new purchaser and 
upgraders by extending work of Norton Bass model. Therefore, the purpose of this paper is to forecast 
the switchers and leapfrogers demand for 3 G and 4 G mobile telecommunication services in Ethiopia 
incorporating the marketing elements using the extended generalized Norton Bass model.

2. Review of previous models

2.1. Review of the bass model
Bass diffusion model is the pioneer and widely used model in marketing literature (Radas, 2006). 
According to Bass (1969), the probability of a current purchase linearly depends on the numbers of 
prior purchasers. More precisely the probability that a given person adopt a new product at time t, 
provided that he has not adopted yet, is represented by 

fðtÞ
1 � FðtÞ

¼ pþ qFðtÞ (1) 

Where, f(t) is the probability of adoption at time t and F(t) is a fraction of potential, which has 
adopted by time t, p is the innovation coefficient and q is the imitation coefficient. Adoption of 
a product is made by the role of innovators and imitators, where the role of innovators is greater at 
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the beginning but diminishing monotonically with time whereas that of imitation effect will 
increase overtime. The rate of adopters at some point in time is the number of people who have 
not adopted yet times their probability to purchase the products/services (Bass et al., 1994). 

fðtÞ ¼ pþ ½q � p�FðtÞ � q½FðtÞ�2 (2) 

Assuming F (0) = 0, the solution to the differential equation (2) above is; 

FðTÞ ¼ ½1 � expð� ðpþ qÞ:TÞ�=½1þ ðq=pÞ expð� ðpþ qÞ:TÞ� (3) 

The density function of equation (3) above is; 

fðTÞ ¼ ððpþ qÞ2
.

pÞe� ðpþqÞT=½1þ ðq=pÞe� ðpþqÞT�
2 (4) 

Hence according to the Bass model, the adoption rate for a single durable product in the market is 
estimated as equation (4) above. But in real practice, there could be multiple generations of 
products in the market and hence to improve the original Bass model, Norton and Bass (1987) 
developed sales diffusion model for multiple generation products, which consists both diffusion 
and substitution over generations.

2.2. Review of the norton bass model
The Norton Bass model developed in (Norton & Bass, 1987) includes both substitution and diffusion 
effects for multiple generation of products or services. The functional form to represent the 
diffusion process was proposed by Bass (1969) as in the above equation (3) and in the case of 
single generation with no successor, sales would be; 

SðtÞ ¼ mFðtÞ (5) 

WhereSðtÞ is sale, F (t) is cumulative distribution of the adoption rate and m is the upper limit of 
potential adopters. When the second generation is introduced in to the market then, the sales rate 
(Bass, 1969) is:

For the first generation product; 

S1ðtÞ ¼ F1ðtÞm1 � F2ðt � τ2ÞF1ðtÞm1fort>0 (6) 

And the second generation product; 

S2ðtÞ ¼ F2ðt � τ2Þ½m2 þ F1ðtÞm1�fort>τ2 (7) 

WhereFi ¼ ½1 � exp � ðditÞ�=½1þ ci exp � ðditÞ�, ith is the index of particular generation, ci ¼ qi=pi 

anddi ¼ pi þ qi. Note that τ2 is the time at which second generation is introduced, 
andF2ðt � τ2Þ ¼ 0fort<τ2, qi and pi are imitation and innovation coefficient for ith generation, 
respectively.

The simultaneous model of equation (6) and (7) captures both adoption and substitution effects. 
And for a multiple number of generations, this model can be extended to the nth generation, and 
the sales of earlier generation will approach to zero as more successive generation is introduced, 
because of substitution effect.
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However, the Norton Bass model assumes the innovation coefficient (pi) and imitation coeffi
cients (qi) are constant over successive generation, which is a strong assumption. It also does not 
differentiate the leapfrogers adoption from the switchers’ adoption in successive generation of 
product/services. In order to incorporate these differences (Jiang & Jain, 2012) has modified the 
Norton Bass model and able to propose model for leapfrogging and switching adoption diffusion.

2.3. Review of the Generalized Norton Bass(GNB) model
According to the generalized Norton Bass diffusion model, the new product generation may not 
immediately got accepted and diffused, rather a potential adopter may keep purchasing an old 
generation until they become aware of the existence of new generation and decide to adopt it, 
(Jiang & Jain, 2012). Through the process the new generation becomes more known and popular 
to the potential consumers. Consequently, the fraction of potential consumers/adopters who are 
skipping previous generation and adopting the latest generation are called leapfrogging adopters. 
The rate of leapfrogers will increase over time as there will be more information diffusion between 
leapfrogers and the remain others. In addition to leapfrogers, some adopters of previous genera
tion product may want to switch to latest generation if the additional services obtained from latest 
generation surpass the cost of switching. This kind of adopters’ behavior become popular in 
successive generation product markets and termed as switching adopters. Like leapfrogging 
diffusion, the proportion of switching adoptions also increases over time1 (Jiang & Jain, 2012).

The generalized Norton Bass model considered two generation case where first generation (G1) 
introduced in period 1 and second generation (G2) introduced in period t2 > 0. Just before G2 
introduction, the diffusion of G1 follows the Bass diffusion model (Bass, 1969). After G2 become 
available, the fraction of potential of G1 who would have adopted G1, if it was the only available in the 
market could now leapfrog to G2 instead. The GNB assumes the proportion of leapfrogers adoption 
increase with time, as a result of diffusion of product (G2). That means the probability of leapfrogging 
from generation 1 to 2 is time varying and influenced by diffusion rate of G2 i.e. F2ðt � τ2Þ.

According to Jiang model, given the leapfrogers multiplier to G2 isF2ðt � τ2Þ, the number of 
leapfrogers adoption for small time interval change ½t � ε; t� can be expressed as (Jiang & Jain, 2012); 

m1½F1ðtÞ � F1ðt � εÞ�F2ðt � τ2Þ

.
Hence, the instantaneous rate of leapfrogers at time t, denoted byl2ðtÞ, equals 

l2ðtÞ ¼ lim
� !

ε 0
m1½F1ðtÞ � F1ðt � εÞ�F2ðt � τ2Þ

ε
¼ m1f1ðtÞF2ðt � τ2Þ; t � τ2; (8) 

Where f1ðtÞ is the derivative of F1ðtÞ and represents the diffusion rate of G1 at time t. Hence, the 
cumulative number of leapfrogers adoption from G1 to G2 by time t is 

L2ðtÞ ¼
ðt

τ2

l2ðtÞdt (9) 

Besides leapfrogging, switching also begins after timeτ2. Hence, switching rate to G2 generation 
product at time t; 

z2ðtÞ ¼ m1F1ðtÞf2ðt � τ2Þ; t � τ2 (10) 

And its cumulative form is 
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Z2ðtÞ ¼
ðt

τ2

z2ðtÞdt (11) 

Assuming those who are already using previous generation can adopt the new generation more 
quickly than new first time purchaser, for instance, Apple insider Hughes (2010) reports shows that 
77% of new iPhone 4s purchasers were existing iPhone users, the diffusion rate isf2ðt � τ2Þ across 
G2 potential adopters. Hence, the rate for those who already adopts G1 (switching multiplier) to G2 
is (Jiang & Jain, 2012); 

m1F1ðtÞ
m1F1ðtÞ � L2ðtÞ

f2ðt � τ2Þ

According to Jiang and Jain (2012), the switchers and leapfrogers multiplier has similarity with those 
adopted by Danaher et al. (2001) and Jun and Park (1999). In general, the Norton Bass (NB) model is 
credited as the pioneering multigenerational diffusion model in marketing science and the Jun and 
Park (1999) model also credited for choice-based diffusion for successive generation model. Some of 
the multigenerational diffusion models and their suggested features are summarized in Table 1.

This research was conducted with three successive generation contexts in the case of mobile 
data service diffusion and filled the gap of multigenerational diffusion models considering leap
frogers and switchers2 diffusion at a time. Several studies have explored the interesting issues of 
the telecommunications market of Ethiopia (Negi, 2009; Temesgen et al., 2009); however, no study 
has been carried out to forecast the 3 G and 4 G subscribers, switchers and leapfrogers and the 
price elasticity for 3 G and 4 G data services. Therefore, the purpose of this paper is to fill the 
knowledge gap and forecast the switchers and leapfrogers demand for 3 G and 4 G mobile 
telecommunication services in Ethiopia incorporating the marketing element using the extended 
generalized Norton Bass model. In addition, the specific objectives are: (1) to empirically test the 
workability of the extended generalized Norton bass model (GNB) by improving a constancy 
assumption of innovation and imitation coefficient over successive generation diffusion of pro
ducts, (2) to forecast the switchers and leapfrogers demand for 3 G and 4 G mobile telecommu
nication services through incorporating consumer choice behavior and (3) finally to know the price 
and cross price elasticity of market potential for 3 G and 4 G services.

3. Methodology

3.1. Data sources and facts on ethiopia telecommunication services
Ethiopia Telecom is the monopoly telecom operator since its establishment in 1894 and has been 
providing telephony and internet services. Currently, mobile service penetration is 54.8 percent and 
internet service users are utmost 24 percent of potential users, which is by far lower than the sub 
Saharan African standard, which is because of the imbalance between the demand and supply. 
One alternative to improve and upgrade service provision is via demand forecasting and planning 
accordingly. Thus, the data used for this study are the subscription rate for 2.5 G since 1999, 3 G 
since 2009 and 4 G data services since 2015. The data cover monthly subscription data from 1999 
to 2018 collected from Ethiopia telecommunication service Provider Company (ETC).

3.2. Model
The study adopts the generalized Norton Bass model and extended to a three successive genera
tions of mobile telecommunication services. The marketing mix is expected to have a significant 
role in diffusion of successive generation technologies, and hence, the study incorporates pricing 
variable into the leapfrogers and switchers diffusion model.

3.2.1. Leapfrogging adoption diffusion model
Before the introduction of 3 G, the diffusion of 2.5 G follows the generalized Bass model (GBM) 
(Bass et al., 1994); 
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Y2:5GðtÞ ¼ m2:5GF2:5GðtÞ ¼ m2:5G
1 � e� ðp2:5Gþq2:5GÞt

1þ ðq2:5G=p2:5GÞe� ðp2:5Gþq2:5GÞt
; t<τ3 (12) 

Now when 3 G is introduced at timeτ3, some of the potential adopters of 2.5 G will leapfrog to 3 G. 
According to generalized Norton Bass model, the leapfrogging multiplier to 3 G is F3ðt � τ3Þ since 
the cumulative market effort of 3 G is expected to influence the leapfrogers to 3 G as well. Hence, 
considering the successive generation of mobile data services such as 2.5 G, 3 G, and 4 G, the rate 
of leapfrogers to 3 G service for small change over time ε is; 

l3GðtÞ ¼ lim
m2:5G½F2:5GðtÞ � F2:5Gðt � εÞ�F3Gðt � τ3GÞ

ε
¼ m2:5Gf2:5GðtÞF3Gðt � τ3GÞ (13) 

Where l3GðtÞleapfrogers to 3 G at is time t, and it is expressed in the rate of diffusion rate as below 
equation (14): 

l3GðtÞ ¼ m2:5G �
ðp2:5G þ q2:5GÞ

2

p2:5G

e� ðp2:5Gþq2:5GÞðtÞ

½1þ ðq2:5G=p2:5GÞe� ðp2:5Gþq2:5GÞðtÞ�
2

�
1 � e� ðp3Gþq3GÞðt� τ3GÞ

1þ ðq3G=p3GÞe� ðp3Gþq3GÞðt� τ3GÞ
; t

� τ3 (14) 

By the same logic, we also derived for the leapfrogers to 4 G mobile data services as follows: 

l4GðtÞ ¼ ½½m3G þm2:5G
1 � e� ðp2:5Gþq2:5GÞðtÞ

1þ ðq2:5G=p2:5GÞe� ðp2:5Gþq2:5GÞðtÞ
� �
ðp3G þ q3GÞ

2

p3G

e� ðp3Gþq3GÞðtÞ

½1þ ðq3G=p3GÞe� ðp3Gþq3GÞðtÞ�
2

þm2:5G �
ðp2:5G þ q2:5GÞ

2

p2:5G

e� ðp2:5Gþq2:5GÞðtÞ

½1þ ðq2:5G=p2:5GÞe� ðp2:5Gþq2:5GÞðtÞ�
2 �

1 � e� ðp3Gþq3GÞðt� τ3GÞ

1þ ðq3G=p3GÞe� ðp3Gþq3GÞðt� τ3GÞ
��

ð
1 � e� ðp4Gþq4GÞðt� τ4GÞ

1þ ðq4G=p4GÞe� ðp4Gþq4GÞðt� τ4GÞ
Þ; t � τ4G

(15) 

Where l3G and l4G are the leapfrogers adoption rate to 3 G and 4 G data services and m2:5Gandm3G 

are the market potential for 2.5 G and 3 G services.3 Equation (15) implies potential adopters of 4 G 
data services those who would be willing to adopt 3 G in the absence of 4 G service plus those who 
already adopts 2.5 G data service but willing to leapfrog to 4 G data services multiplied by 4 G data 
service leapfrogers multiplier rate.

3.2.2. Switching adoption diffusion model
By the same fashion to the leapfrogging adoption diffusion model, the switchers’ adoption diffu
sion for the 3 G and 4 G data service is also modelled. The switchers’ multiplier for adoption to 3 G 
is m2:5GF2:5GðtÞ

m2:5GF2:5GðtÞ� L3GðtÞ f3Gðt � τ3GÞ, as explained in the generalized Norton Bass model, and hence the rate 
of switching from 2.5 G to 3 G data services is: 

z3GðtÞ ¼ ½m2:5GF2:5GðtÞ � L3GðtÞ�:
m2:5GF2:5GðtÞ

m2:5GF2:5GðtÞ � L3GðtÞ
f3Gðt � τ3GÞ

¼ m2:5GF2:5GðtÞf3Gðt � τ3GÞ (16) 

Using the Bass exponential density function, the switchers rate to 3 G services is; 
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z3GðtÞ ¼ m2:5G
1 � e� ðp2:5Gþq2:5GÞðtÞ

1þ ðq2:5G=p2:5GÞe� ðp2:5Gþq2:5GÞðtÞ
� �
ðp3G þ q3GÞ

2

p3G
�

e� ðp3Gþq3GÞðt� τ3GÞ

½1þ ðq3G=p3GÞe� ðp3Gþq3GÞðt� τ3GÞ�
2 ; t � τ3

(17) 

Analogous to the 3 G switching adoption diffusion, we also derived for the 4 G switchers’ rate as; 

z4GðtÞ ¼ ½m3G þm2:5G �
1 � e� ðp2:5Gþq2:5GÞðtÞ

1þ ðq2:5G=p2:5GÞe� ðp2:5Gþq2:5GÞðtÞ
� �

1 � e� ðp3Gþq3GÞðtÞ

1þ ðq3G=p3GÞe� ðp3Gþq3GÞðtÞ

�
ðp4G þ q4GÞ

2

p4G
�

e� ðp4Gþq4GÞðt� τ4GÞ

½1þ ðq4G=p4GÞe� ðp4Gþq4GÞðt� τ4GÞ�
2 ; t � τ4G

(18) 

Where z3G and z4G are switchers adoption rate to 3 G and 4 G services and m2:5Gandm3G are market 
potential for 2.5 G and 3 G data services, respectively.

It is well known that the marketing mix variables such as promotion and pricing can influence 
the diffusion of a given technologies. Hence, in this study, we have incorporated the price effect on 
leapfrogging and switching adoption diffusion of 3 G and 4 G data service. Suppose we specified 
the price function as (Bass et al., 1994); 

XGðTÞ ¼ cGtþ βGvGðtÞ (19) 

Where vGðtÞis absolute price for each generation, t is time effect on diffusion of each generation 
and βG is price coefficients of each generation G. Hence, considering equation (19) into the 
leapfrogging and switching adoption diffusion model, the leapfrogers and switchers diffusion 
rate to 3 G and 4 G data services, taking into account price variable is as follows; 

l3GðtÞ ¼ m2:5G �
ðp2:5G þ q2:5GÞ

2

p2:5G
x2:5GðtÞ

e� ðp2:5Gþq2:5GÞX2:5GðtÞ

½1þ ðq2:5G=p2:5GÞe� ðp2:5Gþq2:5GÞX2:5GðtÞ�
2

�
1 � e� ðp3Gþq3GÞX3Gðt� τ3GÞ

1þ ðq3G=p3GÞe� ðp3Gþq3GÞX3Gðt� τ3GÞ
; t � τ3G

(20)  

l4GðtÞ ¼ ½½m3G þm2:5G
1 � e� ðp2:5Gþq2:5GÞX2:5GðtÞ

1þ ðq2:5G=p2:5GÞe� ðp2:5Gþq2:5GÞX2:5GðtÞ
� �
ðp3G þ q3GÞ

2

p3G
x3Gðt � τ3GÞ

e� ðp3Gþq3GÞX3GðtÞ

½1þ ðq3G=p3GÞe� ðp3Gþq3GÞX3GðtÞ�
2

þm2:5G �
ðp2:5G þ q2:5GÞ

2

p2:5G
x2:5GðtÞ

e� ðp2:5Gþq2:5GÞX2:5GðtÞ

½1þ ðq2:5G=p2:5GÞe� ðp2:5Gþq2:5GÞX2:5GðtÞ�
2 �

1 � e� ðp3Gþq3GÞX3Gðt� τ3GÞ

1þ ðq3G=p3GÞe� ðp3Gþq3GÞX3Gðt� τ3GÞ
��

ð
1 � e� ðp4Gþq4GÞX4Gðt� τ4GÞ

1þ ðq4G=p4GÞe� ðp4Gþq4GÞX4Gðt� τ4GÞ
Þ; t � τ4G

(21) 

And that of switchers’ diffusion rate to 3 G and 4 G with price variables is; 

z3ðtÞ ¼ m2:5G
1 � e� ðp2:5Gþq2:5GÞX2:5GðtÞ

1þ ðq2:5G=p2:5GÞe� ðp2:5Gþq2:5GÞX2:5GðtÞ
� �
ðp3G þ q3GÞ

2

p3G
x3Gðt � τ3GÞ�

e� ðp3Gþq3GÞX3Gðt� τ3GÞ

½1þ ðq3G=p3GÞe� ðp3Gþq3GÞX3Gðt� τ3GÞ�
2 ; t � τ3G

(22)  
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z4ðtÞ ¼ ½m3G þm2:5G �
1 � e� ðp2:5Gþq2:5GÞX2:5GðtÞ

1þ ðq2:5G=p2:5GÞe� ðp2:5Gþq2:5GÞX2:5GðtÞ
� �

1 � e� ðp3Gþq3GÞX3GðtÞ

1þ ðq3G=p3GÞe� ðp3Gþq3GÞX3GðtÞ

�
ðp4G þ q4GÞ

2

p4G
x4Gðt � τ4GÞ �

e� ðp4Gþq4GÞX4Gðt� τ4GÞ

½1þ ðq4G=p4GÞe� ðp4Gþq4GÞX4Gðt� τ4GÞ�
2 ; t � τ4G

(23) 

3.2.3. Consumer choice for mobile data service generation
In multigenerational product diffusion, the sales pattern of new product is based on the choice 
made by consumer over time, according to Jun and Park (1999) model. Hence, the market share 
for each generation can be used as a proxy to estimate the choice probability for a given genera
tion. Suppose the choice probability for the kth generation depends on its attributes and attributes 
of other alternatives in the market. By considering an attributes into aggregate market share 
(Cooper & Nakanishi, 1989). 

sj ¼ Prðyij ¼ 1=β; xj; j ¼ 1 . . . :JÞ ¼
expðβXJ� Þ

∑j¼0expðβXj
0Þ

(24) 

Where Sj is the market share for jth generation, X’s are attributes of the available generation 
services. Accordingly, considering the price of internet fee per MB, and cross price as explanatory 
variable, we estimated the choice probability for each generation services as follows; 

P2:5G
n �

eβ20þβ21 Price2:5Gþβ31price3Gþβ41price4G

1þeβ20þβ21 Price2:5Gþβ31price3Gþβ41price4Gþeβ30þβ31 Price3Gþβ21price2:5Gþβ41price4Gþeβ40þβ41 Price4Gþβ31price3Gþβ21price2:5G

(25) 

By the same fashion similar to equation (25), the probability (market share) for 3 G and 4 G services 
was also calculated. To forecast the future demand for each generation of mobile data services, it 
requires combining the choice probability and diffusion model. The choice probability for each 
mobile data communication service is estimated from equation (25) above and the diffusion part is 
from monthly sales data. Accordingly, the consumer choice integrated diffusion models are: 

SiG
t ¼ ðMt � Yt� 1ÞPiG

n (26) 

Where siG
t is the subscription to ith generation data services at time t,Mt is the market potential at 

time t, and Yt� 1 is the previous cumulative adopters of that generation at time t-1.

3.2.4. Leapfrogers demand forecast
In order to forecast the demand for leapfrogers and switchers to 3 G and 4 G services, the choice 
probability for each generation is derived. For instance, Jun and Park (1999) have estimated choice 
probability for choice-based diffusion model. Suppose Mt is the market potential for any generation 
of mobile data services. Let Yt� 1 is the previous adopters (active in use) for total market at time t-1. 
Then, the total number of non-purchaser at time t-1 isðMt � Yt� 1Þ. As a result, the expected 
number of leapfrogers for the kth generation product is 

LPð0;kÞt ¼ ðMt � Yt� 1ÞP
ð0;kÞ
t ; k ¼ 1;2 . . . ::nt (27) 

Where Pð0;kÞt is the average probability to purchase k-th generation product for the first time at 
time t, n is the number of generation available. Accordingly, the leapfrogers demand for 3 G data 
service is as follows: 

LPð0;3GÞ
t ¼ ðMt � Yt� 1Þ

eβ30þβ31 Pr ice3G

1þ eβ20þβ21 Pr ice2:5G þ eβ30þβ31 Pr ice3G (28) 
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The leapfrogers demand for 4 G data services, for the first time purchaser is as below equa
tion (29); 

LPð0;4GÞ
t ¼ ðMt � Yt� 1Þ

eβ40þβ41 Pr ice4G

1þ eβ30þβ31 Pr ice3G þ eβ40þβ41 Pr ice4G (29) 

Moreover, leapfrogers from 2.5 G service users to 4 G services is as below equation (30) 

LPð2:5G;4GÞ
t ¼ Y2:5G

t� 1 �
eβ40þβ41 Pr ice4G

eβ20þβ21 Pr ice2:5G þ eβ40þβ41 Pr ice4G (30) 

Where, LPð0;kÞt is the leapfrogers demand for kth generation at time t, 0 implies no previous 
generation adopters, Y2:5G

t� 1 is active in the use of 2.5 G generation services at time t-1.

3.2.5. Switchers demand forecast
Concerning switching adoption diffusion let Y3G

t� 1 and Y2:5G
t� 1 is the number of in use (installed base) 

for 3 G and 2.5 G data services at time t-1, respectively. Then, the expected number of new 
upgraders (Zi) from generation (i to k), at time t is 

Zði;kÞi ¼ Yi
t� 1Pði;kÞt ; i ¼ 1;2 . . . :nt;k ¼ iþ 1; iþ 2; . . . :;nt (31) 

Hence, the switchers demand for 3 G and 4 G data services are modelled as follows; 

Zð2:5G;3GÞ
3 ¼ Y2:5G

t� 1
eβ30þβ31 Pr ice3G

eβ20þβ21 Pr ice2:5G þ eβ30þβ31 Pr ice3G (32) 

Where, the above equation (32) is switchers demand from 2.5 G data services to 3 G data services.

For switchers demand for 4 G data services is: 

Zð3G;4GÞ
4 ¼ Y3G

t� 1
eβ40þβ41 Pr ice4G

eβ30þβ31 Pr ice3G þ eβ40þβ41 Pr ice4G (33) 

Hence, using the consumer preference-based diffusion of successive generation in the context of 
leapfrogers and switchers adoption behavior; we have estimated and tested the workability of this 
model.

4. Results and discussion

4.1. Extended Generalized Norton Bass (GNB) model result
By relaxing the assumption of constancy of innovation and imitation coefficient over successive 
generation services, we have estimated the extended GNB model for successive generation of 
mobile data service diffusion including marketing variable. The result shows that most of the 
parameters are significant in influencing the diffusion of successive generation of mobile data 
services except the price coefficients in the model with marketing mix. This may be because of the 
data was constant over certain periods and there were only three period’s data change within 48 
data points. According to Bass et al. (1994), the price variable should have to be changing from 
period to period to have some relevant impact on diffusion of certain products. Nevertheless, the 
impact of time on diffusion of all mobile data service generation is positive and significant.

The time coefficient (t2.5, t3 and t4) in Table 2 shows that as time passes, a consumer valuation 
for products attributes usually increases given the product diffusion succeeded into the market. As 
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more information become available through advertising, sales promotion and word of mouth 
results in an increase of product recognition. Furthermore, the time variable may also capture 
most of the effects of unavailable attributes such as speed, technological evolution and others 
(Jun & Park, 1999). In both model, the innovation and imitation coefficient of each data services 
are varied over successive generation, which implies that the innovation and imitation rate and 
capability of consumer may depend on perceived technological attributes. Furthermore, perfor
mance of the estimated model with marketing mix variables has better estimates compared to the 
model without marketing variable. The overall log likelihood values for model with marketing mix 
has higher value compared to model without marketing mix.

4.2. Switching diffusion model
Switching adoption is those who cease to use previous version of the generation and switch to the 
next newest generation services. Considering the price effect on switching adoption diffusion, the 
estimated result is summarized in Table 3.

The imitation coefficient of the switching adoption model in Table 3 (q2.5, q3 and q4) shows that 
the internal communication between the adopters and non-adopters were declining over succes
sive generation services, unlike other literature finding such as (Chanda & Bardhan, 2008). The 
inclusion of price effect on switching diffusion model has not improved the fitness of the model 
compared to its estimates without price effect. Only the price coefficient of 4 G data model is 
significant in influencing switchers’ rate negatively. The time trend on switching adoption model 
shows positive insignificant except that of 4 G at 10% significance level.

4.3. Leapfrogging diffusion model
Leapfrogging is a behavior of potential adopters skipping previous generation and directly adopt
ing a newer generation services. This definition is already used by Danaher et al. (2001), Jiang and 
Jain (2012) in studying diffusion of successive generation of products. According to leapfrogging 
model specified in methodology section, we have estimated leapfrogers demand for 2.5 G, 3 G and 
4 G data services with and without considering price effect.

According to Table 4, the parameter estimates for the leapfrogers diffusion of model without 
price variable are all significant and consistent with other literature findings, (Chanda & Bardhan, 
2008). That means the imitation coefficient over successive generation shows increment, which 
implies more effect of internal communication between adopters and non-adopters over succes
sive generation. Concerning time effect, the impact of time on leapfrogers diffusion of 3 G is 
positive and for that of 4 G services is negative and insignificant. But in model with marketing 
variable, the price of 3 G services has negative and significant influence on leapfrogers diffusion 
process whereas price coefficient of other generation are negative insignificant. The overall log 
likelihood value is maximum for the model with marketing mix.

4.4. Comparison of switching and leapfrogging adoption diffusion

4.4.1. 3 G mobile data services
The introduction of 3 G mobile services brings significant change in the telecom service markets in 
Ethiopia. Although 3 G data services were introduced in 2009, it shows significant penetration in 
2013 and 2014 following big promotion. Following the big promotion of 3 G services, there was 
network system failure due to congestion. After fixing the network problem the waiting customers’ 
leads to boom sales volume once again (National Bank of Ethiopia, 2015). The monthly subscrip
tion rate for 3 G services including switchers and leapfrogers is shown in Figure 1.

The monthly subscription of 3 G mobile data service shows that initially there were switchers to 
3 G services from previous generation users and later first time purchasers started leapfrogging. 
The cumulative diffusion of 3 G services including both switchers and leapfrogers are shown 
graphically in Figure 2.
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As we can see from Figure 2, after the launch of 3 G services into the internet market, the first 
adopters were those who have been users of 2.5 G services. Since they already have awareness about 
the use the technology, they were found to be the immediate switchers to 3 G services. However, in the 
meanwhile the new adopters start to leapfrog to 3 G services instead of adopting 2.5 G internet services. 
Specially, as the network infrastructures were expanded to previously uncovered area, there would be 
more leapfrogers. Hence, concerning 3 G data services, the cumulative switcher’s rate is larger than the 
cumulative leapfrogers rate. From Figure 2, the gap between switching adoption and leapfrogging 
adoption seems narrowing overtime which will be tested in the next demand forecast section.

4.4.2. 4 G mobile data services
The 4 G mobile data services was launched in August, 2015. Since its deployment in the capital 
city, its monthly subscription, switching rate and leapfrogging rate is shown in Figure 3.

The monthly subscriptions, switchers and leapfrogers rate fluctuates overtime since 2015 
because of frequent internet blackout and sales ban to cut information communication from social 
media based protests from the end of 2015 to 2016. This makes the diffusion of 4 G data services 
curve more oscillating because of the government obstruction on mobile internet services (Dugo, 
2016)6 As we can observe from diagram 4 above, the monthly leapfrogers diffusion to 4 G data 
services is higher than that of switchers’ adoption diffusion.

From Figure 4, the diffusion of leapfrogers to 4 G data services is larger than the switchers’ adoption to 
4 G services. Furthermore, it gives more insightful implication to make comparison of leapfrogers and 
switchers diffusion over successive generations including price effect.

Table 2. Estimated result for extended generalized norton bass model
Nonlinear Full Information Maximum Likelihood (FIML) Parameter Estimates

Model Without marketing mix Model With marketing mix

Variables Parameter t-value Pr > |t| Parameter t-value Pr > |t|
β2.5 −0.0275 −0.34 0.7360

β3 −0.0576 −0.08 0.9367

β4 −0.2617 −0.18 0.8582

t2.5 0.0225 9.33 <.0001

t3 0.0405 2.50 0.0041

t4 0.0645 5.71 <.0001

p2.5 0.0024 5.21 <.0001 0.2110 2.09 0.0430

p3 0.0053 7.56 <.0001 0.0900 8.83 <.0001

p4 0.0003 4.41 <.0001 0.5600 28.28 <.0001

q2.5 0.0446 11.74 <.0001 0.2039 5.91 <.0001

q3 0.0504 11.16 <.0001 −0.4174 −10.79 <.0001

q4 0.0138 0.79 0.4343 0.1428 10.82 <.0001

M 2.5 2,743,821 2.17 <.0151 6,208,342 4.12 0.0003

M*3 −9,357,123* −4.39 <.0001 −4,121,712* −9.23 <.0001

M4 5,485,428 4.22 0.0001 3,069,514 12.39 <.0001

Log- 
likelihood

−1819 −1796.3

*The negative market potential might imply induced market 
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4.4.3. Switchers adoption diffusion to 3 G and 4 G data services
Concerning switching adoption diffusion, the switchers’ adoption rate for 3 G is higher than that of 
4 G although the time of 4 G data service deployment is very recent compared to 3 G mobile data 
service diffusion.

The result of Figure 5 shows significant difference between switchers’ adoption diffusion to 3 G 
and 4 G services. The 3 G data services were deployed earlier in 2009 before the 4 G services 
deployment. Furthermore, the estimated switching rate of 3 G and 4 G data with, and without price 
and actual data are almost overlaps, which imply the fitness of the estimated model.

4.4.4. Leapfrogers adoption diffusion to 3 G and 4 G data services
Concerning the diffusion of leapfrogging to 3 G and 4 G data services, the actual leapfrogers to 3 G 
data services is higher than that of 4 G data services. However, from the estimated result the rate 
of leapfrogers to 3 G services is declining while that of 4 G services is slowly rising.

According to Figure 6, with price effect the leapfrogging to 3 G service eventually declining while 
that of 4 G service is increasing.

Overall, the actual vs estimated (without price effect) switching and leapfrogging adoption diffu
sion curve shows no significant variation for both 3 G and 4 G data service, which indirectly confirms 
the workability of the extended generalized Norton bass model. The overall performance of forecast
ing for switching and leapfrogging adoption over successive generation services is given Table 5:

According to the statistical decision rule the lower, the mean absolute percent error the better 
the model fit. In addition, the higher the value of R square the better the estimated model fit. 
Hence, using the statistical criterion all model seems to have good fit.

Table 3. Parameter estimates for switchers’ adoption diffusion model
Nonlinear Full Information Maximum Likelihood (FIML) Parameter Estimates

Model With marketing mix(price) Model With marketing mix(price)

Variable Parameters t-value Pr > |t| Parameters t-value Pr > |t|
β2.5 −4.8758 −0.24 0.8132

β3 −0.3300 −0.33 1.0000

β4 −1.8034 −5.27 .0001

t2.5 2.1368 0.47 .6466

t3 0.3388 0.03 .9804

t4 4.3046 1.75 .0980

P* 0.0039 5.88 <.0001 0.0053 2.52 0.0189

q2.5 0.6573 7.53 <.0001 0.2793 5.01 <.0001

q3 0.1173 3.65 0.0012 0.0868 1.12 0.2732

q4 0.0249 3.64 0.0013 −0.0182 −0.85 0.4060

M2.5 G 4336358 3.26 0.0031 4,126,038 2.42 0.0233

M3G −4,112,149 −3.19 0.0038 45,968,859 4.93 <.0001

Log- 
likelihood

−660.061 −709.3946

*To estimate the switching adoption diffusion we assumed the innovation coefficient over successive generation is 
constant4 
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4.5. Consumer choice based demand forecasting
Forecasting mobile data service diffusion is a critical issue for service provider to analyze their 
customer capacity and to prevent market failure that may arise from over capacity congestion. It 
also may help to make a long-term plan for supply of the services. Hence, to do so, we need to 
know the potential data service customers and their choice behavior as well. The study uses the 
consumer choice-based diffusion model to estimate the future forecast for 3 G and 4 G data 
services.

4.5.1. Diffusion of mobile phone services
The diffusion model of Bass has been widely used to explain the diffusion process of product or 
service sales. Let the sales during time t, isSt, the cumulative sales until t-1 asYt� 1, and the market 
potential asm, the bass model can be represented as follows: 

St ¼ ðpþ q
Yt� 1

m
Þðm � Yt� 1Þ (34)  

By using the Bass model estimated parameters, we forecasted the number of mobile phone 
subscribers from 2018 to 2025 (Table 6). This forecasted number can be used as future potential 
subscribers for mobile data services for the forecasting periods.

Then according to the choice based model, the choice probability for each mobile data service 
generations is estimated by multinomial logit model using the market share as proxy variable 
(Cooper & Nakanishi, 1989).8 Using full information maximum likelihood method, the choice 
probability for each mobile service generation is estimated in Table 7.

From Table 7, we have calculated the choice probability for each generation services.9 Then, 
assuming this choice probability is constant for the next eight years, we have forecasted the 
demand for 3 G and 4 G data services.

Table 4. Parameter estimates for leapfrogers adoption model
Nonlinear Full Information Maximum Likelihood (FIML) Parameter Estimates

Model With marketing mix(price) Model With marketing mix(price)

Variables Parameters t-value Pr > |t| Parameters t-value Pr > |t|
β2.5 −0.1900 −1.39 0.1803

β3 −0.0108 −7.87 <.0001

β4 −0.1063 −1.17 0.2601

t2.5 0.2957 3.30 0.0042

t3 0.1509 1.48 0.1585

t4 −0.0001 −0.83 0.4163

P* 0.0004 2.92 0.0071 0.0003 3.29 0.0031

q2.5 0.0863 25.85 <.0001 0.1239 1.81 0.0830

q3 0.3744 16.02 <.0001 0.7312 11.76 <.0001

q4 0.4555 4.98 <.0001 0.2562 4.29 0.0003

M2.5 G 1124438 3.83 0.0006 3,002,813 4.01 0.0005

M3G 87945923 4.20 0.0003 35,682,177 4.80 0.0001

Log- 
likelihood

−669.1057 −629.7668

*5 again, innovation coefficient over successive generation is assumed constant 
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As it is expected, the price effect has negative impact on the demand for 3 G and 4 G data services 
except for 2.5 G data services. For the 2.5 G data services, the real data show that both price of 2.5 G 
data declines, as same time subscriber to 2.5 G data also declines. This implies that the change in 
price effect on 2.5 G data service shows positive, which is inferior good or services. Study by Volland 
(2012), finds consumption expenditure elasticity of beer demand was positive and inelastic, which 
implied beer was an inferior good for Germany compared to other alcohol before 1965, and after 
2004 its elasticity changed to negative and price elastic, implying that consumers become more 
sensitive towards price change in beer. Another study finding by (Lu et al., 2017) on alcohol con
sumption, shows positive and inelastic price elasticity for some types of wine drinks, which were 
considered as inferior goods compared to others drinks. Hence, by same fashion, the demand for 
2.5 G service can be inferior services compared to others such as 3 G and 4 G data services.

Figure 2. Actual vs Forecasted 
Leapfrogers and Switchers 
adoption to 3 G services.

Figure 1. Monthly leapfrogers 
and switchers rate for 3 G 
Mobile data services.
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In order to crosscheck the interaction between these successive generations of mobile data services 
we have included the cross price of alternatives technology service in each generation model. The result 
shows that, for instance, as a 3 G service price increases the subscriber to 4 G data service increases, 
which shows the substitution effect.

4.5.2. Demand forecasting for 3 G data services
The demand forecasting for 3 G data service is mainly based on the consumer choice probability for 
each successive generation and the forecasted mobile phone subscribers. Using reveled preference 
data, we have calculated the choice probability for each successive generation of mobile data 
services and it’s assumed to be constant over the coming eight years.10 Figure 7 shows the forecasted 
switchers demand and leapfrogers demand for 3 G data services.

Figure 4. Actual vs Forecasted 
Leapfrogers and Switchers 
adoption of 4 G data services.

Figure 3. Monthly subscription, 
switchers and leapfrogers rate 
of 4 G mobile data services.
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According to Figure 7, the switchers demand for 3 G services is rising whereas the leapfrogers 
demand for 3 G services is declining over time. This may imply that previous generation users 
(2.5 G) are more substituting by 3 G data services compared to new purchasers of 3 G services.

4.5.3. Demand forecasting for 4 G data services
By using the same procedure with that of demand forecasting for 3 G data services, the leapfrogers 
and switchers demand forecast for 4 G services is explained in Figure 8.

Figure 6. Leapfrogers adoption 
of 3 G and 4 G with and without 
price effect.

Figure 5. Switchers adoption 
diffusion to 3 G and 4 G with 
and without price effect.

Entele & Acharya, Cogent Economics & Finance (2021), 9: 1969111                                                                                                                                  
https://doi.org/10.1080/23322039.2021.1969111                                                                                                                                                       

Page 17 of 24



Figure 8 shows that the forecasted switchers demand to 4 G services is almost constant whereas 
that of leapfrogers to 4 G services is rising. From the very begging, the leapfrogers to 4 G were 
higher than the switchers to 4 G services. This forecasting may imply that there will be no 
significant switching adoption to 4 G services, perhaps, because of the absence of perceived 
difference in value of 4 G and 3 G data services, in addition to other switching cost factor. This 
forecasting is made assuming 5 G data service will not be launched until 2025 in Ethiopia mobile 
data service market.

4.6. Price elasticity
Price elasticity measures the percentage responsiveness of demand changes due to percentage 
change in price of mobile services per megabyte (MB) of data. The price for mobile data internet 
service may be changed because of technology development or market conditions. Therefore, the 
price elasticity of the market potential can be derived from the logit model.

In this section, we derive the price elasticity of 3 G and 4 G data services where price represents 
fees per MB data usage. The elasticity of the nth individual subscription to ith generation prob
ability (Pni) of the fee per MB (Jun et al., 2000) is; 

εi;itsprice ¼
dPni

dprice
price

Pni
(35) 

Accordingly, we can calculate the elasticity of consumers choosing 3 G services with respect to its 
price fee per MB data. Just recalling equation (30) above; 

ε3G;price3G ¼ β31price3Gð1 � Pn3GÞ

By the same fashion, the price elasticity for 4 G data services can be calculated, but in this case, we 
are interested in market potential elasticity, which is derived by just averaging elasticity of 
individual decision maker (Jun et al., 2000); 

Table 6. Estimated parameters of mobile phone diffusion
Nonlinear FIML Parameter Estimates

Parameter Estimate Approx -std Err t-value Pr > |t|
p* 0.00095 0.00022 4.38 0.0005

q* 0.470634 0.0211 22.28 <.0001

M* 3.4238E8 25,686,365 13.33 <.0001

Log likely hood −276.0681

MAPE7 28.03

Adj R-square 0.9927

*M-is a potential market, p-is innovation coefficient and q-is imitation coefficient 

Table 5. Measure of forecasting accuracy
Types LF to 3 G LF to 4 G Switching to 3 G Switching to 4 G
Mean 
absolute percent 
error

16.38 19 18.53 20.34

R-square 0.987 0.876 0.939 0.838
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εi;price ¼
d�Pni

dpricei

pricei
�Pni

(36)  

ε3G;price3 ¼
∑n

i¼1P3Gð1 � Pn3GÞβ31price
∑n

i¼1P3G 

Where, this is the average of individual levels of elasticity weighted by the subscription probability.

4.7. Cross price elasticity
This measure the percentage change in demand for a particular generation services due to 
percentage change in other generation service prices. 

Cεi;pricej ¼
d�Pni

dpricej

pricej
�Pni 

Table 7. Estimated parameters for choice-based model
Nonlinear FIML Parameter Estimates

Mobile 
generation

Parameter Estimate t Value Approx. Pr > |t|

2.5 G data services P* 0.00082 3.19 0.0061

Q* 0.457733 12.24 <.0001

M2.5 4.4199E6 4.77 0.0002

B20 −.9332521 −27.67 0.000

B21 2.189226 2.46 0.026

B31 −.1549287 −0.34 0.741

B41 −1.029617 −0.45 0.661

Pseudo R-square 
2.5 G

0.5289

3 G data services P* 0.00082 3.19 0.0061

Q* 0.457733 12.24 <.0001

M3 5.69522E7 7.31 <.0001

B30 −.697013 −41.06 0.000

B31 −1.422227 −3.17 0.006

B41 0.350878 1.77 0.0312

B21 0.2540 1.05 0.2060

Pseudo- R-square 
3 G

0.8499

4 G data services P* 0.00082 3.19 0.0061

Q* 0.457733 12.24 <.0001

M4 2.4517E7 12.32 <.0001

B40 −2.977384 −66.77 0.000

B41 −2.478982 −5.06 0.000

B31 .406089 1.67 0.0112

B21 .390523 0.25 0.6540

Pseudo R-square 
4 G

0.8044

*p and q are assumed same for all generations. The price variables of other alternative generation were included in 
each generation model. 
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For example, the change for 3 G service subscription due to change in 4 G service price is 

Cε3G;price4G ¼
∑n

i¼1P3Gð1 � Pn3GÞβ41price4G
∑n

i¼1P3G 

Hence by same logic, applying to all generations services, the own price, own network coverage, 
and cross price elasticity is summarized in Table 8.

For example, if the fee per MB increases by one percent from present level of $0.015 cents, the 
market potential for 3 G and 4 G data services decreases by −0.370 percent and −0.844 percent 
respectively. But the price elasticity for 2.5 G data service shows positive which imply a type of 
inferior goods i.e. when the price fall leads to fall in quantity demanded. Therefore, 2.5 G data 
services is considered as an inferior good compared to the 3 G and 4 G data services. Studies by Lu 
et al. (2017) and Volland (2012)) on alcohol consumption behavior confirm positive own price 
elasticity and those drinks were considered as inferior goods.

Concerning the cross price elasticity, if the price of 3 G service increases by one percent from present 
level of $0.015 cents per megabyte the subscriber for 4 G increases by 0.148% assuming other things 
is constant. The reverse is also true i.e. as the price of 4 G service increases by one percent, the 
subscriber for 3 G increases by 0.019 percent that shows there is a substitution effect.

5. Conclusion and policy implication
There are no studies that forecast the number of 3 G and 4 G subscribers, switchers and leapfrogers 
demand in Ethiopia, despite the importance of these issues. There are also no studies that estimated 
price elasticity for 3 G and 4 G data services in the Ethiopia telecommunication market, as far as our 
knowledge is concerned. This paper forecast the switchers and leapfrogers demand for 3 G and 4 G 
mobile telecommunication services in Ethiopia, while incorporating the marketing mix element using 
an extended generalized Norton bass model. The finding of the study reveals that the extended GNB 
model can fit the forecast for successive generation of the mobile data services. Using choice based 
diffusion, the forecasted switchers and leapfrogers demand for 3 G and 4 G data services are 
increasing for the next 7 years. By 2025, the forecasted 3 G and 4 G data service subscribers are 
around 40 million and 1.93 million including both switchers and leapfrogers adoption. By decompos
ing to switching and leapfrogging, the forecasted demand for switchers to 3 G service shows 
increasing whereas that of 4 G services shows constant. By 2025, around 35 million subscribers of 
3 G services are switching adopters and around 10 thousand of 4 G services subscribers are switching 
adopters. However, concerning demand for leapfrogers around 5 million and 1.92 million subscribers 
are leapfrogers adopters of 3 G and 4 G data services, respectively. The adopters’ responsiveness 
towards price change via price elasticity for 3 G and 4 G data services shows that the demand are 
price inelastic, whereas the cross price elasticity shows that both successive generations of mobile 
data service have substitution effect.

Table 8. Price and cross price elasticity
Mobile data service Own Price elasticity11 Cross price elasticity
2.5 G 0.611

3 G −0.370

4 G −0.844

Cross price elasticity(3 G price on 
4 G subscriber)

0.148

Cross price elasticity (4 G price on 
3 G subscriber)12

0.019
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The policy implications of this study are as follows. Firstly, this study helps to make a long-term plan 
for the supply of the services. According to the study finding, although switching adoption to 3 G 
mobile data services increases, there is a rising of leapfrogers to 4 G data services. This implies that 
4 G network coverage expands to remote areas people can adopt its services, and hence, the service 
providers can also benefit from huge untouched market given that it can supply services according to 
the future demand. The second implication can be drawn from own price elasticity point of view. The 
own price elasticity for 3 G and 4 G mobile telecommunication services are inelastic, so that the 
service provider can raise revenue by charging for its service packages strategically. The third 
implication is from the cross price elasticity point of view. Both 3 G and 4 G mobile data services 
are substitutes for each other according to the finding. Therefore, if the ETC operator can consider its 
long run plan and invest on 4 G mobile data infrastructure (instead of investing on both) the 
consumers can easily adopt 4 G services and be benefited from its feature services.

Finally, a few limitations in our approach that can be a future work for other researcher are that we 
assumed the choice probability for each successive generation to be constant over the coming eight 

Figure 7. Switchers and 
Leapfrogers demand forecast
ing for 3 G data services.

Figure 8. Leapfrogers and 
switchers demand forecasting 
for 4 G data services.
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years. Since the consumer, choice probability may be different across users and overtime, this 
assumption can be relaxed and studied by other interested researcher. Second, during the computa
tion of forecasting demand for 3 G and 4 G data services, we assumed that 5 G would not be 
introduced in to Ethiopian mobile data service market until 2025. Again, this assumption can be 
relaxed by any interested researcher and may consider the possible introduction of 5 G data services.
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Notes
1. The advantage of GNB model is that it maintains 

the desirable mathematical properties such as 
closed form expression, and continuous time based 
(Jiang and Jain, 2012)

2. Jun and Park’s (1999) Type I model does not expli
citly express the rate of leapfrogging.

3. In Leapfrogging and switching adoption diffusion 
of N generation, we used existing previous gen
eration adopters or potential adopters (N-1) which 
are potential leapfrogers and switchers to current 
new generation (Nth). But had the diffusion was 
normal multigenerational diffusion, we might 
assume each generation product may has its own 
market potential and hence we could estimate 
number of market potential equal to the number of 
generations. Furthermore, leapfrogers to 4 G is the 
sum of leapfrogers from 2.5 G and first time 4 G 
adopters.

4. This assumption is similar to the Meade & Islam 
(2006) and Tsai (2013), the innovation coefficient 
across successive generations are assumed to be 
constant (p1 = p2 = p) while imitation coefficient is 
varying

5. For both leapfrogging and switching diffusion 
model, the p is assumed constant over genera
tion; otherwise the model doesn’t fit well. Note 
that, the leapfrogers to the 4th generation mobile 
service users are both first time purchaser and 
leapfrogers from 2.5 G services.

6. Amnesty International. (2016). press release on 
Ethiopian government blocking of websites during 
protest widespread. Addis Ababa: retrieved from, 
https://www.amnesty.org/en/

7. MAPE is mean absolute percent error which shows 
the prediction accuracy of forecasting mobile 
phone diffusion.

8. The market share for active in use data is trans
formed into deviation of logarithm of market share 

for each in use mobile generation data from the 
log of non-adopted market share. The price is 
transformed in to the deviation of absolute value of 
price from its average for each period for all gen
eration (Basuroy & Nguyen, 1998; Brinkman, Coen- 
Pirani, & Sieg, 2015; Cooper & Nakanishi, 1989)

9. The market share for each successive mobile 
data generation was used as a proxy for aggre
gate MNL to estimate the parameters of the 
choice attribute. The estimated average choice 
probability for 2.5 G, 3 G, 4 G and no purchase 
decision are 0.20248, 0.25644, 0.02622 and 
0.51486 respectively.

10. By assuming the consumer average preference is 
same with social preference and assuming it 
doesn’t changed over the next eight years, we 
could forecasted the demand for switching and 
leapfrogging model.

11. The fee of data service per MB is $0.015 cents in 
Ethiopia by January, 2018

12. The substitution effect of 4 G service price on 3 G 
subscribers is less than the vice versa.
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