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CONSUMER SATISFACTION VERSUS CHURN IN THE CASE OF UPGRADES OF 
3G TO 4G CELL NETWORKS 

   

ABSTRACT 

The current use of 3G technologies has created significant demands for capacity, such as cell 
TV, and this needs to be balanced with the capital constraints of many firms. Providers face 
price pressures on margins and the need to update cell networks to 4G in the post-GFC era 
where capital is scarce.  Understanding consumer behavior in this area by use of simulations 
may be a time and cost efficient method, but how accurate is it?  This study demonstrates that 
the use of a simple, agent-based model can lead to accurate initial prediction of parameters of 
satisfaction with a cell phone provider, and provides a basis of understanding factors of cell 
phone subscriber choice in the context of the introduction of new technology.   

Keywords: simulations, netlogo, mobile phone networks, 3G versus 4G choice, provider 
choice models, triangulation of models. 

 

INTRODUCTION 

Simulation in marketing is an innovative and cost effective means to understand complex, 
time dependent consumer behavior, by simplifying decision rules of actors and allowing for 
interactions which mimic marketplace phenomena Ma  and  Büschken (2011); (McIntyre and 
Miller 1992; Neslin and Schneider Stone 1996; Ross, Moore and Staelin 2000).  Compared to 
survey, experimental and test market research, simulations have the potential to provide much 
quicker insights into marketplace behavior at significantly lower costs. One popular and easy 
to program simulation is Agent Based Modeling (ABM). 

ABM as one type of simulation in marketing has been shown to be useful in showing the 
dynamics and complexity of markets and networks. Rand and Rust (2011, p185) list 
application areas suitable for ABM as consisting of: diffusion of information and innovations, 
retail location decisions, inter-firm relationships, strategy and competition, marketing mix 
models and retail and servicescape design.  ABM simulations can also simplify what appears 
to be multifaceted and novel consumer behavior.  Goldenberg, Mazursky and Solomon 
(1999)  note that many new innovations and  product choices in markets can be modeled 
accurately with as few as six parameters.    

Yet the acceptance of ABM in published marketing research has been lacking.  As Rand and 
Rust (2011, p182)  note: 

Critiques of agent-based modeling often come from two points of view: one viewpoint is that ABM 
does not deal with real data and is therefore only for “toy problems”, while another viewpoint is that 
most agent-based models have so many parameters that they can fit any data and are thus nothing more 
than “computer games.” 

 This paper provides an example of a “middle path”, between these two concerns about 
ABM.  It develops an ABM based on literature which focuses on three important consumer 
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constructs in cell provider choice; coverage, price and service.  It then examines the evidence 
for accuracy for this approach, based on longitudinal survey research. We find that an ABM 
with only three parameters can accurately predict the parameters of coverage, customer 
service and price and provide important guidelines into the introduction of upgraded 
networks, which can’t always be modeled in survey research.  The ABM also provides 
reasonable accuracy of results from longitudinal survey research at much lower cost and in a 
shorter space of time. Recommendations are then provided as to how the ABM process can 
inform and be improved by triangulation with real world data, so that it does not focus on 
only “toy problems”. 

LITERATURE REVIEW 

Research on customer switching as it relates to cell provider choice 

A number of models have been developed to describe the customer switching process 
(Colgate and Hedge 2001; Colgate and Lang 2001; Keaveney 1995; Lees, Garland and 
Wright 2007; Levesque and McDougall 1993; Bansal and Taylor 1999). The most general, 
the Keaveney model for customer switching, is based on an analysis of 800 critical incidents 
that lead to customer dissatisfaction and then to customer switching across 45 service 
industries. It identified eight major factors behind service provider customer exit: pricing, 
inconvenience, core service failure, service encounter failure, response to service failure, 
competition, ethical problems and involuntary switching. Building on this research, Chuang 
(2011) developed what he called a “pull and suck” model to explain changing cell providers 
in Taiwan.  Consumers were found to switch providers because of better service and 
coverage, but were likely to remain with a current provider because of good service, 
switching costs and habit. Also ease of use and cell phone service quality have been shown to 
predict network demand (Wahab, Al-Momani and Nor-Azila 2010).   

Other studies suggest that there are two main factors which influence the use of one type of 
cell phone network over another: access to new technology and price. Iyengar, Jedidi, and 
Kohli (2008) in a conjoint study found that choice probabilities and usage levels of cell 
product features depended largely on price. The authors then used these estimates to evaluate 
the expected revenues and profits of alternative plans and pricing schemes.  Other studies 
suggest it is the experience of product quality, level of service charges, level of call charges, 
and level of satisfaction with the service provider that predicts network use (Goode, Davies, 
Moutinho and Jamal 2005).  Deng, Lu, Wei and Zhang (2010) suggest that trust, perceived 
service quality, perceived customer value, including functional value and emotional value, 
contribute to generating customer satisfaction with network providers.  

There is evidence that the behavior of peers has an influence on “churn”, or leaving a 
network  provider of other customers (Dierkes, Bichler and Krishnan 2011).  Moreover the 
degree of consumer confusion over the myriad of marketing offers leads them to rely on very 
simple strategies such as seeking word of mouth information or advice  (Turnbull, Leek and 
Ying 2000).  This implies that decision rules about network choice, from a consumer 
standpoint may be interactive and be derived from simple rules or heuristics that govern 
choice. 
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Mah (2004), in a case study of the introduction of the 3G network for Hutchinson, noted that 
introducing technology had significant advantages in terms of demand, particularly if this 
was coupled with a low price strategy on the existing network.  The challenge then for many 
managers and marketers is to model how these factors interact in real time so that decisions 
can be made across a number of possible future scenarios (new technology and new price 
competition) as existing research methodologies rely on future forecasting using past data.  
These scenarios also need to be presented to a manager in useable format, with the option of 
providing tests of future marketing strategies. The review therefore suggested that the 
development of a simulation of cell provider choice should include price, desire for new 
technology (in this case better bandwidth offered by 4G) and customer service.  While there 
is theoretical support for the development of a model based on these constructs, it is also 
important to examine the accuracy simulations have had in recent times in predicting actual 
consumer behavior. 

The accuracy of simulation models in marketing 

Marketing theory and practice has over the last several decades developed a number of brand 
choice models or simulations (Grahn 1969; Dodds 1973; Winer 1986; Labeaga-Azcona, 
Lado-Cousté and Martos-Partal 2010; Lee, Yu, Yang and Kim 2011).  This research has 
focused on frequently purchased fast moving consumables and has used large scanner-based 
datasets to model choice, based on behavioral characteristics and the impact of the firm’s 
marketing strategy.   

Discrete choice models can also be seen as another type of simulation. These have included 
behavioral specifications of latent class choice models, multinomial probit, hybrid logit, and 
non-parametric methods (Ben-Akiva, McFadden, Abe, Böckenholt, Bolduc, Gopinath, 
Morikawa, Ramaswamy, Rao, Revelt and Steinberg 1997).  Experiments using simulated 
data in discrete choice models have been evaluated with later survey research (Ma and 
Büschken 2011; Wedel, Kamakura, Arora, Bemmaor, Jeongwen, Elrod, Johnson, Lenk, 
Neslin and Poulsen 1999).  Research in ABMs though has not yet developed such a rigorous 
approach to validation and has tended to rely on pure simulations in marketing and business 
without resort to the same attention to empirical validation (Garcia 2005; Rand and Rust 
2011; Goldenberg, Han, Lehmann and Hong 2009).  Notable exceptions are; Garcia, Rummel  
and Hauser (2007); Goldenberg, Libai  and Muller (2002), who have used empirical datasets 
not only to examine accuracy but to improve ABMs.  This paper follows a similar path and 
shows how ABMs need to be validated by external data and how this process also increases 
the understanding of marketing phenomena, such as changing cell providers. 

METHOD 

The method consisted of two major steps: the development of the simulation using Netlogo, 
(an agent based modeling computer program) followed by the evaluation of this model by 
examination of similar parameters in survey research.   
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Development of an agent based model using Netlogo 

In this case we developed a simulation, ABM using Netlogo 
(http://ccl.northwestern.edu/netlogo/) which was a full factorial design experiment, This 
represented the following experimental conditions, a 2 ("FourG"; 5% 10%, of coverage) x 2 
("Price3G"; $10 $20, per month] x 2 ("Price4G"; $10 $20, per month) x 2 ("capacity"; 5 10 
users per cell) x 2 ("tolerance"; 0, 1), or 32 experimental conditions.  The last experimental 
condition, “tolerance”, was meant to capture a firm’s efforts at increased customer service, 
which hopefully help build tolerance of network capacity constraints and price in the short 
term. For each experimental combination Netlogo simulated 200 time periods.  Each run of 
the model contained a population of 500 agents. 

Outcome measures included the percentage of satisfied customers, loss of customers and the 
mean use of 3G and mean use of 4G. Satisfied customers were a count of those agents who 
had achieved the highest bandwidth at the lowest cost.  Loss of customers, were the number 
of agents not present at the end of each run of the model.  Means of 3G and 4G were the 
average number of agents in a particular cell, adjusted for capacity.  These were measured 
after each time period. 

Netlogo is described by its designers as a "multi-agent programmable modeling 
environment", where rules of behavior of agents (netlogo calls these “turtles”), can represent 
consumers in a marketplace. These can be programmed using a set of rules which may be 
deterministic, or "learnt" over time.  Actions of agents usually can be traced by their position 
in the "world", or a set of "patches", which can represent a geographic boundary or in this 
case a use of a particular product or technology. 

The Netlogo model used in this study consisted of the following parameters: 

Network 

4G- Coverage of 4G cell access points (5%, 10%) - Represented by Black Patches which had 
a bandwidth of 200 

3G- Remaining cell access points, or Represented by Green Patches with a bandwidth of 120 

Capacity of each cell (3G & 4G):  number of agents (5 or 10 consumers per cell). 

Price 

Price of 4G ($10-$20 per month) 

Price 3G ($10-$20 per month) 

Consumers (Agents) 

Overall tolerance (of bad service) – (0-1). This modeled the importance of customer service 
by network providers.   
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Each agent (consumer) had a random normal distribution of the importance of service 
(bandwidth preference or choice of 4G over 3G). 

Each agent (consumer) also had random normal distribution of the importance of price, both 
for 3G and 4G networks. 

The agents as shown by the faces in Figure 1 start in a random position, in an unsatisfied 
state, and search (move), for a patch (Black 4G, or Green 3G) which maximizes their access 
to bandwidth, but also minimizes the price they pay.  Agents were also assigned a random 
distribution of bandwidth required and price they were willing to pay for that bandwidth. 

Any agent (consumer) who finds the optimal mix of bandwidth and price stops at that patch 
(green for 3G and black for 4G, each at respective prices) and is satisfied, and this is shown 
in the model by the face changing from a sad grey to a happy white.  Unsatisfied consumers 
continue to search until they find their optimal choice, and are shown in the observer window 
in Figure 1 as an unhappy face.  Unsatisfied consumers are shown in the model interface as 
sad gray faces.  After a period of time (12 ticks, which simulates a 1 year telecommunications 
contract) consumers who are unsatisfied leave the network providers, this is simulated in the 
model by the agents who "die" or leave the Netlogo representation of the market. This 
simulated the effect of being tied to a contact of 12 months and not being able to switch to 
another provider until that contract ended.  

 Agents or consumers with a higher tolerance are less likely to leave the market because of 
expensive prices and/or not being able to access new technology (4G) which has a higher 
bandwidth.  The model presented in this paper is quite simple and the agents’ do not "evolve" 
consumer decision rules over time as is the case with other ABM studies dealing with online 
shopping behavior (Ahn 2010).  This may well be an avenue for future research or the 
development of a more complex model once the first principles of the marketplace can be 
accurately modeled.   

The Netlogo window as shown, in Figure 1, allows decision makers to manipulate a number 
of variables and observe the outcomes in real time.  The software also allows an experiment 
to be run on what is the effect of different combinations of these user inputted variables and 
to record the outcomes of the model. 

INSERT FIGURE 1 HERE 

 

Comparison study 

In order to examine the accuracy of the Netlogo model a similar, but more detailed survey 
study on provider choice was conducted.  The data used were longitudinal, so that the 
accuracy of the simulation in terms of both satisfaction and switching behavior could be 
examined.   
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Sample and procedure 
The sample used to examine the accuracy of the simulation parameters was from a larger 
study which used longitudinal survey data on cell provider switching and consisted of two 
waves, 11 months apart.  At stage 1, 1600 respondents were interviewed with the response 
rate at 71%. Participants who took part in stage 1 were contacted by the panel provider and 
invited to take part in a stage 2 study.  Some 971 participants, or 61%, of the original sample 
agreed to take part in the follow up (stage 2). The survey sample encompassing both time 
periods was collected from a national online panel, and consisted of a roughly even gender 
balance males 52%, and females 48%.  There was close to a uniform spread of age groups 
with 47.5% being less than 44 years of age. Roughly 7.5% had a college degree, and there 
was a spread of demographics in the sample, for example, 15% of respondents worked in a 
blue collar industry and 40% of those surveyed were married with dependent children. 
Survey respondents are ambivalent towards their current cell service provider in respect of 
satisfaction.  About a third, 33.2% were satisfied with their current provider and a quarter, 
24.9% were at least highly satisfied.    

Measurement 
In order to measure satisfaction with the provider, items were adapted from  Aydin and Özer 
(2005),  including overall satisfaction with the provider, satisfaction with coverage, cost, 
customer service and overall contract terms.  These were measured on a seven point scale 
from 1(highly dissatisfied) to 7 (highly satisfied).  To examine whether actual experienced 
events influenced the decision to switch providers, these measures were also included as 
dichotomous variables in the second wave of the study.   

An analysis of reasons participants listed for switching providers bear some resemblance to 
variables in the ABM.  About 44% of respondents indicated they would be likely to switch 
providers based on poor coverage, 30.4% listed dissatisfaction with monthly costs as a reason 
to switch and 27.7% saw poor service as a trigger to switch cell providers.  (Note: multiple 
responses were allowed).   

RESULTS 

The analytical procedure consisted of two stages.  In the first there was an analysis of 
variance of the outcome of experimental runs of the Netlogo simulation. In the second there 
was a comparison of regression results from the Netlogo simulation and survey research.   

In order to identify significant model conditions, an ANOVA of simulation results was 
conducted.  For the sake of brevity, only significant ANOVA results are shown in Table 1.  
As can be seen from the results, the number of 4G access points, capacity of each network 
type,  the price of 3G  and tolerance seemed to influence the  number of satisfied consumers 
and the mean use of technology (4G and 3G).  Loss of customers is determined mainly by 
lack tolerance of bad service (F=69.57, p<.01, ἠ2=.07), or in other words, customer service 
can be used to reduce churn. There are a number of interactions but the effect sizes are small, 
with eta-squared (ἠ2) being around .05 to .01.  Implications for providers are that planning for 
capacity is important but you don’t have to provide access to all consumers. The price of the 
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old technology is more important than the price of the new technology. Good customer 
service is important because it increases tolerance and prevents churn. 

Two types of dependent measures were compared in the regression results.  One for 
satisfaction (the percentage satisfied in the ABM and satisfaction in the survey study) and 
then switching behavior (churn, or loss of turtles or actors in the ABM and changing service 
providers in the survey study).  An ordinary least squared regression was used in the first 
instance to compare the effectiveness of the ABM to predict consumer attitudes, and a binary 
logistic regression was used to compare predicted behavior of the ABM with that in the 
survey research.  The dependent variable was coded in both studies of behavior as 1 
(switched provider) and (0 did not change provider).  In order to provide a direct comparison 
between the ABM and real world data the results focused on factors common to both 
approaches.   
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Table 1: ANOVA results. Netlogo simulation 

 

 
         Note: ** p<.01, *p<.01. 

 
A regression analysis in table 2 compares the outcome of the ABM results with those from 
survey research. There is a similarity of the importance of coverage (or access to 4G in the 

Source 
Dependent 
Variable df F Partial Eta Squared 

FourG Satisfied 1  53.16** 0.05 
Mean3G 1 188.75** 0.16 
Mean4G 1 881.73** 0.47 

Price3G Satisfied 1 66.24** 0.06 
Mean3G 1 55.29** 0.05 
Mean4G 1 39.68** 0.04 

tolerance Satisfied 1 118.94** 0.11 
Loss 1   69.57** 0.07 
Mean3G 1 278.10** 0.22 
Mean4G 1   15.46** 0.02 

capacity 
Mean3G 1 494.02** 0.34 
Mean4G 1 559.66** 0.36 

FourG * tolerance 
Mean3G 1  49.37** 0.05 

FourG * capacity 
Mean3G 1 5.00* 0.01 
Mean4G 1 89.68* 0.08 

Price4G * Price3G 
Mean4G 1 14.32* 0.01 

Price4G * capacity 
Mean4G 1 3.83* 0.00 

Price3G * tolerance Satisfied 
 

1 3.97* 0.00 

Price3G * capacity 
Mean3G 1 4.47* 0.00 
Mean4G 1 7.97* 0.01 

tolerance * capacity 
Mean3G 1 18.43** 0.02 
Mean4G 1   9.37** 0.01 

FourG * Price4G * 
tolerance Mean4G 1 3.15* 0.00 
FourG * Price4G * 
capacity Mean4G 1 4.86* 0.00 
Price4G * Price3G * 
capacity Mean4G 1 22.49** 0.02 
Price3G * tolerance * 
capacity Mean4G 1 9.23** 0.01 
FourG * Price4G * 
Price3G * tolerance 

Mean4G 1 4.59* 0.00 
FourG * Price4G * 
Price3G * capacity Mean4G 1 11.94** 0.01 
FourG * Price4G * 
tolerance * capacity Mean4G 1 11.10** 0.01 
FourG * Price3G * 
tolerance * capacity Mean4G 1 4.64* 0.00 
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simulation) in predicting satisfaction (β=.28, p<.01) in the simulation and also survey 
research (β=.25, p<.01). As can also been seen the impact of overall customer service match 
closely the results from fieldwork. That is, good customer service is similarly associated with 
a higher count of satisfied agents (β=.29, p<.01) and with attitudinal satisfaction with the 
current cell service provider (β=.34, p<.01) in the survey.  Satisfaction with monthly-cost in 
the survey (β=.23, p<.01) compares well with that in the simulation, where higher costs were 
associated with a less number of satisfied agents (β= -.35, p<.01), hence the negative 
regression coefficient in the ABM results compared to the survey results.  The survey 
research also showed that satisfaction with contract terms had a significant effect overall 
satisfaction (β=.21, p<.01).   The survey does a better job of prediction of satisfaction R2 
=.39, at much higher cost and longer time-frame, than the ABM model where the R2 for 
number of satisfied agents is .29.  Note that a direct statistical comparison of the betas 
obtained from each method is not appropriate, since different measures both of independent 
and dependent variables were used.  Rather the results can be used to determine if the pattern 
of betas obtained from the model is similar to that from survey research.  An example is the 
first line of independent variables of Table 2, which has 4G coverage, which was a 
percentage of coverage in the netlogo model, with an attitudinal measure of adequate 
coverage in the survey research.  These are similar but different concepts.  The dependent 
variable is also different across the two studies, with satisfaction in the netlogo model being a 
count of satisfied agents, while in the survey research this is an attitudinal measure. 

Table 2: Regression results: Netlogo simulation and survey research for satisfaction with cell 
phone provider 

 Netlogo 
standardized beta

Survey research 
standardized beta 

Independent variable   

4G Coverage / Coverage      .28**  .25** 

Price of 3G / Monthly cost    -.35**  .23** 

Tolerance / Customer service     .29** .34** 

Capacity    .08** n/a 

Overall contract terms n/a  .21** 

Dependent variable R
2
=.29 Number of agents 

satisfied 
R

2
=.39 Satisfaction with 

current supplier 
Note: ** p<.01. With the independents, the first term refers to simulation parameters, the second to those in 
survey research. 

 

Table 3, shows the overall results in terms of churn in the ABM with switching behavior in 
longitudinal survey research.  Again, poor service is a predictor of loss of customers (agents) 
in the ABM (β=-.23, p<.01) and if experienced was a significant factor in switching cell 
phone providers in the survey (β=.68, p<.01).  The ABM model did not find support for 
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switching because of poor coverage as was the case in the survey respondents in the survey 
(β=.26, p<.01). This may have well occurred because the survey respondents were addressing 
overall coverage issues rather than access to new technological networks.  The survey 
research also showed that frustration with contract terms (β=.68, p<.01), was a major driver 
of switching cell service providers.  Because contract terms were not modeled in the 
simulation, this may explain in part the better prediction of overall switching behavior in the 
survey (pseudo R-square=.13) than with the ABM (pseudo R-square=.06).  These low values 
show the difficulty in both simulations and survey research to accurately predict behavior.   

  

 

Table 3: Binary logistic regression results for Netlogo and survey research 

 Netlogo standardized 
beta

Survey research log-
linear standardized beta 

Independent variables   

4G coverage \ Coverage     -.02    .26** 

Price of 3G \ Monthly cost      .01 .10 

Contract terms  n/a    .68** 

Tolerance \ Customer service       -.23**   .57** 

Dependent variable  Churn = Loss of 
agents 

Switched to another 
provider 

Pseudo R-square  .06 .13 

Note: ** p<.01. With the independents, the first term refers to simulation parameters, the second to those in 
survey research. 

DISCUSSION  

This paper outlined the development of a simulation model using Netlogo, which can inform 
management decision making with respect to investment in upgrading cell phone networks by 
a basic understanding of consumer behavior, of satisfaction and to some extent choice of cell 
service provider.  Importantly, it was shown that a simple model could represent reality in 
some circumstances and that empirical research can help expand as well as validate original 
conclusions from a simulation, something that also been found in other modeling studies  
(Garcia et al. 2007; Goldenberg et al. 2002). 

Simulation results show that there is an important interaction between prices of different 
technologies, and that pricing in the use of existing technology (in this case 3G) is much 
more important than pricing of new, possibly more expensive technology.  It is also not 
necessary to provide access to all consumers of new technology, only a fraction needs access 
for there not to be significant churn or loss of business.  When compared to survey research 
the model matches well the importance of coverage, service and somewhat price with respect 
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to satisfaction.  Importantly, there is a need for a relationship marketing strategy, which does 
not have to be extensive in order to be effective in preventing churn, as this will increase in 
the short term the tolerance of consumers.  Care needs to be taken that simulations like ABM 
may not model accurately all facets of actual behavior.  Nevertheless, ABMs can provide 
initial estimates of parameters without resort to more expensive and time consuming survey 
research. It should also be remembered that survey results which aim to predict behavior can 
only provided at best contextualized predictions (Feldman and Lynch 1988).  That is 
cognitive reasons for switching cell phone providers may only be activated when there is a 
clear motive to do so (the customer is nearly out of contract for example).  It is also possible 
that in providing consumers possible reasons for switching providers, this may according to 
Feldman and Lynch (1988), influence consumers to select these  same reasons, because they 
were measured rather than the actual reasons for switching.    

ABMs should therefore not be considered as an endpoint, but rather part of a two way 
process of understanding the marketplace, they may well model some but not all consumer 
characteristics.  Also findings from qualitative and quantitative research may be fed back into 
an ABM to improve long term predictions on behavior. 

ABMs can be used to generate understanding about the marketplace by providing pointers to 
important aspects of consumer behavior to be studied in larger studies prior to the 
introduction of new technology (Garcia 2005; Bohlmann, Calantone and Meng 2010). We 
may not know the impact of 4G technology, for example, until it is introduced in sufficient 
volume in a marketplace.  ABMs such as Netlogo at least allow a manager to provide a “best 
guess” of what the possible impact of technology will be, without the need to conduct 
extensive and expensive test markets, which delay managerial decision making.  Also results 
from beta testing, even at a qualitative level, can be used to develop prototype ABMs which 
can be later calibrated with survey research.   

Simulations like ABM, which are straightforward to program, allow the manager and 
researcher to examine a range of scenarios, in this case price and network capacity.  Care 
needs to be taken that results are triangulated with follow up survey research. Findings from 
survey research can be used to develop more accurate and valid models.  In this case, the 
survey research suggests that frustrations with contract terms should be included in any 
simulations of cell provider choice.   

Importantly, simulations like Netlogo are a simple means to allow the manager or researcher 
to examine a range of scenarios (32 were studied in this paper) and to look at highly unusual 
events like a "market failure".  This was simulated in a trial where a low capacity and low 
price for 3G networks, led to unsatisfied consumers leaving the marketplace so that only a 
reduced number were left served by the 4G network, a condition easily dealt with by slight 
increase in consumer tolerance, or greater customer service. Interestingly, without attention to 
customer service, this type of situation may well be faced by network providers who cut costs 
for high access consumers, but cannot provide sufficient capacity for the high bandwidth 
customers (Poynter 2006).
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Figure 1:  The Netlogo Observer Window. 
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