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Abstract: We consider the problem of explaining and forecasting the volume of cellular 
mobile traffic in a long-term perspective. To this end, we create a model of a market with both 
economic and non-economic variables, viz. the state of the economy, the current price level 
and the penetration effect on the market in question. We measure these variables by using 
publicly available data and by applying income theories and by combining theories of demand 
and technology diffusion. Applying the model to three markets, viz. China, Italy and Sweden, 
we show that it performs very well in explaining and predicting the volume of cellular mobile 
traffic. Noting the qualitative differences between these markets, we conclude that the model 
has some universality in that the results are comparable for all of them.  
Keywords: Forecasting, econometric. 
 
1. INTRODUCTION 

 
Forecasts of traffic demand are needed when new networks are planned or when existing 

networks are upgraded. A forecast can relate to users and express, e.g., the number of 
subscribers (possibly in a particular area such as the CBD and/or of a particular category such 
as business users), or the behaviour of these subscribers (possibly with respect to particular 
services such as outbound voice calls and/or particular times such as the busy hour). Other 
forecasts can relate to equipment and express, e.g., the traffic in a network (possibly in a 
particular part such as a link, switch or router), or the transactions behind this traffic (possibly 
with respect to certain servers such as the Home Location Register in a GSM network). These 
aspects and units may also be combined in various ways and several other aspects and units 
may be considered as well. 

Forecasts may consider different time spans. Short-term forecasts for the next few seconds 
or minutes have been suggested in the context of allocating bandwidth to bursty sources (e.g., 
video sources [1]) or end-to-end logical paths (e.g., VPs in SDH or ATM and LSPs in MPLS 
[2,3]). Long-term forecasts for a couple of years are typically used in the context of deploying 
new technologies (e.g., IP telephony [4]) or expensive equipment (e.g., submarine cables [5]). 

Forecasting is thus an essential part of planning and maintaining telecommunications 
networks. For this reason forecasting has been a concern mainly for network operators. Today, 
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however, forecasting is a concern for a wider community including equipment manufacturers, 
service providers and government regulators. Equipment manufacturers need to support their 
customers and plan their development projects; service providers need to plan and maintain 
their systems to ensure adequate quality and stay competitive; and regulators need to make 
independent estimates of the demand to secure the availability of essential services and to 
adequately judge complaints from operators, providers or end users. At the same time, 
forecasting is becoming increasingly complex as deregulation and competition not only 
encourages faster development and deployment of new services and technologies but also 
tend to reduce their life times. 

Our primary aim is to forecast cellular mobile traffic per market and with a long-term 
perspective. As a secondary aim, we also wish to explain the evolution of the traffic on these 
markets over an observed time. In this context, a “market” is a country or an operator and 
“long-term” refers to a couple of years. In principle, we are interested in all types of traffic, 
such as voice, video, messaging and data. The present work is, however, restricted to voice. 
The primary reason for this is that the model we are interested in requires on the order of one 
observation per year and voice is at present the only service with a sufficiently long history. 

 The remainder of the paper is organised as follows: We begin in Sec. 2 by giving an 
overview of established forecasting methods. In Sec. 3 we formulate our problem, present our 
model and discuss its parameters. The results are applied to real data in Sec. 4 where we 
explain and forecast the growth of cellular mobile traffic. Finally we sum up our results and 
discuss further work in Sec. 5. 
 
2. METHODS OF FORECASTING 
 

The number of forecasting methods is possibly as large as (or larger than) the number of 
persons involved in forecasting. Using the taxonomy of financial markets, there are technical 
methods and analytical methods. In simple terms, technical methods are based on 
mathematical models of the observed data itself whereas analytical models are based on 
mathematical models of its relationship to explanatory data. 

Technical methods are based on the assumption that the unit of interest (e.g., traffic) will 
evolve over time according to some mathematical model. Typical model assumptions include 
everything from simple curve shapes to complex stochastic models. The former category 
includes linear models, parabolic models, exponential models, logistic models and Gompertz 
models while the latter includes ARIMA models and Kalman models. For more details, see 
the set of relevant ITU-T recommendations [6–8] (which also include extensive lists of 
references several of which appeared at earlier ITCs) and the TETRAPRO lecture notes [9]. A 
recent application of forecasting by means of an ARIMA model is found in [10]. 

Analytical methods are based on the assumption that the evolution of the unit of interest 
(e.g., traffic) can be explained (at least to a large extent) by other variables. Typical examples 
of such variables include economic variables (such as the cost of a service), social variables 
(such as the usefulness of a service) and technical variables (such as the availability of a 
service). An analytical model thus defines a set of explaining variables from which the unit of 
interest is computed according to some mathematical model. The mathematical model in 
question is typically relatively simple. Some examples of such models may be found in the 
aforementioned ITU-T recommendations [6–8] and the references listed therein. 

A group of its own is the “black-box” models based on fuzzy logic and neural networks. 
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These models may use only the data itself (as in e.g., [1]) but could in theory also use 
explanatory variables (although we are not aware of any examples in the telecommunications 
area). 

Technical methods are simple to apply and some of them do not require long series of 
historic observations. Analytical methods add an understanding to the factors behind the 
observations and this tends to make them more robust. The two methods thus both have their 
pros and cons hence they complement each other rather than compete with each other. 
 
3. THE MODEL 
 

As indicated above, we consider cellular mobile networks and wish to explain historic 
data and make long-term forecasts of the traffic in these networks. Moreover, our perspective 
is that of a market and we presently restrict ourselves to voice traffic. 

Ideally, we would like to forecast the amount of erlangs carried on the busy hour. Such 
data is, however, not available to us hence we chose total monthly traffic minutes (denoted by 
T) as a suitable metric of the traffic volume. In more commonly used terminology, the term 
“monthly traffic minutes” is the number of subscribers times the minutes of use per subscriber 
and month (often referred to as MoU). 

Inspired by the examples in [6, pp. 11–13] and [7, pp. 19–20] we selected a model with 
both economic and non-economic variables, viz. the spending power S in the market in 
question, the actual cost C of the service and the penetration effect P on the market. Assuming 
a linear model of the logarithmic values, our basic model thus reads 

 
ℓn T = b0 + b1 ℓn S + b2 ℓn C+ b3 ℓn P,               (1) 

 
where b0, b1, b2 and b3 are unknown constants and T, S, C and P may be indexed by time. 

It is noted that, although it may be desirable to include more variables, we are limited by 
the fact that the number of parameters must be significantly lower than the number of historic 
observations available in order for a model to be meaningful. As indicated above, we are also 
limited by the kind of data that is publicly available. 

 
3.1.  Modelling the Spending Power 

Not all people in the world are mobile subscribers. Not all subscribers use the services 
without limitations. In some countries, this could to some degree be explained by technical 
limitations, e.g. non-existing networks or other less extreme forms of low quality-of-service. 
But even if everyone had access to networks with high quality-of-service, people have limited 
financial resources and need to make a decision on how much of the available resources to 
spend on mobile services. Spending on mobile services would then depend on both the size of 
the consumption budget and individual preferences between consumption alternatives. 

It seems like an obvious statement that you need to spend money to use a mobile service, 
at the minimum to buy a terminal and possibly also to pay for a subscription. However, there 
are markets where this is not true; the so-called village phones employed in rural areas in 
some developing countries is an example. There are also cases when you do not need to spend 
money for using the service, as for example in Sweden where operators currently promote 3G 
by offering a flat rate of zero for normal usage. 
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However, in most markets, the aggregated traffic volume (number of subscribers times the 
MoU) depends on the spending power in the market. In other words, it could be assumed that 
traffic volumes increase when spending powers increase.  

When measuring spending power, one problem is that this may differ between different 
segments of the market. Spending power is most likely different in, e.g., the pre-paid segment 
compared to the business segment. 

Since we need to limit the number of explanatory variables in the model, we have used the 
gross national product per capita (GDP), as the measure of the overall spending power in the 
market. GDP has advantages over many other measurements like, e.g., consumer spending 
index, as it is commonly defined and publicly available in most countries. 

 We have adjusted the GDP for inflation (i.e. consumer price changes), since nominal 
increases in economic wealth will not have a real impact on the size of the consumption 
budget, and assumingly not on the preferences between consumption alternatives, hence no 
change in the spending decision on mobile services. 

We also assume that there is a one-year time lag between changes in GDP and the effects 
on traffic volumes, i.e. it takes one year before a change in spending power has effect on 
traffic volume. The rationale for this is that in most markets, including pre- and post-paid, the 
user needs to make some investment in buying a terminal or signing or prolonging a 
subscription. Before making this investment, it is likely that consumers need some time to 
assess the change in spending power before turning in to the expectation that it is a permanent 
or at least a non-temporary change, in line with the so-called “permanent income hypothesis” 
[11]. The time lag should be seen as a practical solution to the obvious lack of a measurement 
of consumers’ expected permanent income. 
 
3.2.  Modelling the Actual Cost 

The decision to subscribe to and to use mobile services, both of which are required to 
generate traffic, depends on the cost for using the mobile services, including subscription fees, 
usage tariffs and the cost of the terminal. We can assume that mobile services are like most 
other goods in that they have a downward sloping demand curve, implying that traffic volume 
increases when price goes down. 

The question is how to measure the cost for mobile services. In most markets, there are 
several operators each of which offers a large number of different subscription fees and tariff 
structures. Moreover, many agreements for customers in the business segment are not even 
disclosed to the public. These circumstances make it very difficult in practice to measure an 
average cost on the mobile market. 

However, we have used the fact that the cost for the users must be equal to the operators’ 
revenues – they are just two sides of the same coin. The revenues of an operator are often 
measured as average revenue per user and month (ARPU) that refers to a period of one month. 
To approximately measure the actual user cost, we have constructed a quasi-price as ARPU 
divided by MoU.  

Since ARPU often includes both subscription fees and usage tariffs (and sometimes also 
terminal costs), our measure includes the combined effect on volume from changes in the total 
cost for subscription and usage (and sometimes also equipment). With the same rationale as 
for spending power, this quasi-price has been adjusted for nominal changes in general 
consumer prices. 
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3.3.  Modelling the Penetration Effect 
Metcalf [12] suggested that the value of a network is proportional to the square of the 

number of users connected to it. This is obviously not a measure of the actual usage of a 
network, but of the number of two-way communication possibilities in a peer-to-peer 
communication network. In this way, it is a description of the potential effect of the size of a 
network, but not of the actually realized one. The latter must consider the total size of the 
network and the obvious proposal that consumers use the service to different degrees. Even if 
a marginal telephone user potentially can reach to and be reached from the entire network, the 
actual usage is most likely substantially lower. 

Denoting the number of users by n, it is natural that the marginal usage of a new user 
(n+1)2 − n2 ≈ 2n increases with n as long as the number of users is “small”. However, for 
“large” networks where the number of users is approaching its potential maximum value, it is 
not so clear that a marginal user always contributes an increasing marginal usage. The 
underlying rationale for this remark can be found in theories of consumer adoption behaviour 
or innovation diffusion [13]. Many innovations, including novel products and services, are not 
adopted by everyone immediately for a number of reasons. One more or less self-evident 
reason is that late adopters perceive that their value of using the innovation is small. When 
they adopt the service at a late stage, the effect on traffic volume is therefore also small. In 
line with these theories, the traffic volume should depend on which stage of the adoption 
process the market has reached, i.e. on how much of the potential network effect that has been 
realized.   

If we let N be the potential size of the network, then the use of this potential network is 
proportional to N2. With these definitions a = n/N is the relative size of the actual network 
with respect to its potential size and a2 is a measure of the relative use of the actual network 
with respect to the use of the potential network. If we set α=min(a,1) we get α : 0 ≤ α2 ≤ 1, 
which is a measure of the penetration that is related to Metcalf. As indicated above, realised 
usage may be different from potential usage and the marginal usage should increase in the 
beginning (while the penetration is low) and decrease as we approach the potential size (as the 
penetration becomes saturated). The function 
 
P(α) = [1-cos(α2π)]/2                   (2) 
 
fulfils this requirement. To see this, note that the marginal gain P’ is  
 
P’= dP(α)/dα = α π sin(α2π)                   (3) 
 
from which it is readily verified that P’ ≥ 0 for 0 ≤ α ≤ 1. Furthermore, the slope of the 
marginal gain P’’ is 
 
P’’ = d2P(α)/dα2 = 2α2π2 cos(α2π) + π sin(α2π).            (4)  
 

Defining x = α2π and dividing by π cos(x), the last equation can be written as 2x + tan(x) 
from which the root x0 ≈ 1.837 corresponding to α0 ≈ 0.7646 can be obtained numerically. 
Again it is easily verified that P’’ ≥ 0 for 0 ≤ α ≤ α0 and P’’ ≤ 0 for α0 ≤ α ≤ 1. This means that 
if the usage of a network is proportional to (2), the marginal usage of additional users is 
always positive and increases until the actual size of the network is about 75% of its potential 
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size after which it decreases. 
There are to our knowledge no empirical facts that support this particular function. This is, 

however, of minor interest to us as we merely wish to find a simple function that (i) 
conceptually captures the n2-law of Metcalf and at the same time (ii) complies with 
established economic theories regarding marginal contribution. 

It is, of course, possible to adjust α with respect to, e.g., the rate of urbanization or other 
factors of importance for different networks or objects. However, in the interest of simplicity, 
we refrain from this for now.  
 
3.4.  The Final Model 

As elaborated in previous sections our aim is to model past behaviour to explain and 
understand this behaviour and to make forecasts of future behaviour. We define a demand 
function with the basic form of equation (1) 
 
ℓn Tt = b0 + b1 ℓn St−1 + b2 ℓn Ct + b3 ℓn P(αt),     (5) 
 
where Tt is the total monthly demand (or usage) measured as the number of subscribers times 
the MoU in year t; St−1 is the metric of the spending power for year t−1 as described in Sec. 
3.1.; Ct is the metric of the actual cost for year t as described in Sec. 3.2.; and P(αt) is the 
metric of the penetration effect for year t as described in Sec. 3.3. 
 The coefficients b0, b1, b2 and b3 are constants and can be estimated using the ordinary 
least square (OLS) technique. We are using the logarithmic values of both the dependent 
variable and all independent variables so that the estimated values of b1, b2 and b3 can be 
interpreted as elasticities. Thus, b1 can be seen as the income elasticity; b2 as the price 
elasticity and b3 as the penetration elasticity. This means, e.g., that a one percent change in 
income will yield a b2 percent change in total monthly demand if all other variables are held 
constant. Following traditional economic theory we b2 to be negative and b1 and b3 to be 
positive. In addition we expect b0 to be small relative to T. 
 
4. EXAMPLES 

 
We will now apply the model (5) to three different markets, viz. China (the network of 

China Mobile Communications Corporation, CMCC), Italy (the network of Telecom Italia 
Mobile, TIM) and Sweden (the network of TeliaSonera). These markets were chosen because 
we could obtain relatively long historic series of data for each of them, and because they can 
be regarded as significantly different. China is an example of an expansive market (thanks to 
the rapid expansion of CMCC and other operators); Italy is an example of an innovative 
market (thanks to the operator TIM which invented pre-paid and other popular features); and 
Sweden is an example of an established market (thanks to the wide-spread introduction of the 
Nordic Mobile Telephone system in the mid-eighties). We would have preferred to include a 
North American market too, but we were unable to get hold of any useful data. 

 
4.1.  Examples of Market Data  

The relevant historic data for the chosen countries, as obtained from public sources, is 
given in Table 1. GDPs are given per capita in real terms (but with different references and in 
different units of local currencies); populations in millions of inhabitants; and mobile 

1586



penetrations as millions of subscriptions. 
 

Table 1. 
Data for the three countries considered.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
*The figures for population and penetration refer to provinces where CMCC was operating that year. The 
penetration figures were obtained by adding the numbers of CMCC and China Unicom. 
 
Similarly, the relevant historic data for the chosen operators, as obtained from their annual 
reports is given in Table 2. ARPUs are given in real terms (using the same references and 
currencies as above) and subscribers are given in millions. 
 
Table 2. 
Data for the three operators considered. 
 
 
 
 
 
 
 
 
 
 
 
 
 
  
4.2.  Examples of Market Models 

For the three markets above, the OLS-technique was used to determine the coefficients of 
the model (5). The results are given in Table 3. 
 
 

Year 
GDP Pop. Mob. GDP Pop. Mob. GDP Pop. Mob.

1994 5067 14.25 205
1995 4870 112 1.3 14.64 57.3 3.92 212 8.83 2.01
1996 5603 113 2.0 14.78 57.4 6.40 214 8.84 2.49
1997 5902 114 3.4 15.05 57.5 11.74 219 8.85 3.17
1998 6201 186 7.0 15.30 57.6 20.43 227 8.85 4.11
1999 6528 320 18.2 15.54 57.6 30.38 238 8.86 5.13
2000 7066 594 58.3 15.97 57.8 42.35 247 8.87 6.37
2001 7556 600 97.3 16.22 57.9 51.28 249 8.90 7.18
2002 8215 1016 174.6 16.25 58.0 55.00 253 8.92 7.95
2003 9023 1026 216.5 16.25 58.1 56.69 256 8.95 8.80

China* Italy Sweden

 Year 
MoU ARPU Sub. MoU ARPU Sub. MoU ARPU Sub.

1995 527 767 1.3 130 57.6 3.86 96 408 1.44
1996 508 537 2.0 136 48.5 5.70 105 374 1.75
1997 441 471 3.4 110 36.9 9.28 111 349 1.94
1998 393 366 6.5 103 29.5 14.30 114 367 2.21
1999 366 303 15.6 107 27.1 18.53 121 335 2.64
2000 299 223 45.1 115 24.2 21.60 123 308 3.26
2001 233 146 69.6 118 22.4 23.95 127 278 3.44
2002 207 116 117.7 120 22.2 25.30 130 252 3.60
2003 240 102 141.6 123 22.0 26.08 128 239 3.84

CMCC TeliaSoneraTIM
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Table 3. 
Fitted coefficients for the three markets. 

 
 
 

 
 
 
 
 
 
Note: Estimates marked with * are significantly different from zero at 5% significance level. 

 
It is noted that the adjusted coefficient of determination (R2) is more than satisfactory for 

all models and that the numbers are similar to those obtained in [6]. We can, at the least, 
explain more than 98% of the variation in total demand with the help of our independent 
variables. In addition, b1–b3 have the expected signs and b0 is small relative to T. This is 
highly satisfactory in spite of the fact that some elasticities are not significantly different from 
zero. This is, however, not surprising as we use limited amounts of data.  

As seen in the table, TIM in Italy and TeliaSonera in Sweden both have penetration 
elasticities that are fairly close to each other and smaller than the penetration elasticity of 
CMCC in China. One explanation for this might be that the penetration (i.e. the ratio between 
the number of subscribers and the population) in both Sweden and Italy has been close to one 
for the last few years. The penetration effect in Sweden and Italy is therefore in practice 
exhausted as almost every citizen in these countries has a mobile phone and the marginal 
contribution of the remaining users will be small. This is not the case in China; therefore 
China can to a larger extent rely on the penetration effect to contribute to demand. 

Another interesting difference is between Italy and the other two markets. The Italians 
seems to be much more income sensitive compared to the Swedes and the Chinese. One 
explanation could be the distinct difference between the countries with respect to the 
development of the pre-paid market. In the year 1997, e.g., 47% of the customers of TIM in 
Italy were pre-paid. In the same year, neither CMCC in China nor TeliaSonera in Sweden had 
any pre-paid customers. As already mentioned above, it could in general be expected that 
customers in different market segments, like pre-paid and post-paid, have different elasticities. 
Our results indicate that pre-paid customers may show more income sensitivity than post-paid 
customers. 
 
4.3.  Examples of Market Forecasts 

Section 4.2 showed that the model provided a high degree of explanation and that the 
results were in agreement with our expectations. The next question is if the models can be 
used for forecasting. 

Forecasts into a far and unknown future would be useless at this point in time, as it would 
take years for us to evaluate these forecasts. To go far back in time and make forecasts for a 
known past is almost impossible due to that small amount of observed yearly data. Still, if we 
reduce the data taking away the last observation (for the year 2003), we could use the 
remaining data to fit models and obtain results similar to those given in Table 3. Using the 

 Country, b 0 b 1 b 2 b 3

Operator Constant S t −1 C t P (α t )
China, Estimate 2.03 1.08 −0.23 0.28*
CMCC t-ratio 0.10 0.50 −0.26 2.89
Italy, Estimate −15.9 3.14 −0.21 0.13*
TIM t-ratio −0.97 1.80 −0.62 10.3
Sweden, Estimate 7.46 1.05 −0.28 0.16*
TeliaSonera t-ratio 1.45 1.16 −1.23 7.06

0.997 0.995

R 2 R 2(adj)

0.983 0.973

0.998 0.998
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resulting models and the value of S for 2002 and the values of C and P(α) for 2003, we can 
calculate the demands for 2003 and compare to the known values. Table 4 summarises the 
results for the three markets. 

 
Table 4. 
Forecast and observed monthly traffic volumes for the three markets (millions of minutes per 
month). 
 

 
 
 
 
 
 
 
 

  
 

It is seen that the forecasts are very accurate for all three markets. Moreover, it is noted 
that the order of accuracy in Table 4 (Sweden, China and Italy) is different from the order of 
explanation in Table 3 (Sweden, Italy and China). 
 
5. CONCLUSIONS AND FURTHER WORK 
 

Understanding and forecasting traffic is an essential part of telecommunications networks 
management. We have demonstrated that it is possible to identify a few crucial variables that 
can be used to explain and predict the volume of cellular mobile traffic. Moreover, we have 
shown that these variables have some universality in that they perform very well for three 
very different markets. 

The state of the economy is almost a mandatory factor when explaining and forecasting 
traffic. We have successfully combined this observation with the theory of permanent income. 

The cost for using a voice service is typically an important factor in explaining and 
forecasting traffic. It is, however, usually difficult to quantify because of the complex price 
structures on most markets. We show that a correct and easy solution to this problem is to use 
the operators’ revenues instead.  

Market penetration is another important factor and we show that it is possible to model the 
effect of the penetration on volume by using Metcalf’s model combined with established 
models in technology diffusion and adoption theory.   

The final model shows good explanatory and predictive power. It should be useful for 
analyzing scenarios and “what-if” questions like, for example, “how much will the traffic 
volume change if there is a 10 percent decrease in price-per-minute?” or “how much will the 
volume increase if market penetration increases with 10 percent?”. 

Future work includes extending the number of observations and including data from more 
markets. Also, there is a need to better understand the diffusion or adoption process for 
cellular services more specifically as this will allow us to refine the model of the penetration 
effect. Furthermore, the effect of the spending power and the actual cost could be refined to 

 Country, Forecast Observed Difference
Operator traffic traffic [%]
China, 
CMCC 
Italy, 
TIM 
Sweden, 
TeliaSonera 

491 500 1.7

34000 35100 3.2

3202 3077 −3.9
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take into account, e.g., the fact that the distribution of spending power may be important as 
well as the relation between subscription fees and usage fees. Finally, we are looking at 
similar models for other types of cellular traffic. 
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