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Abstract: In this paper, we present an agent-based simulation system that 
allows modeling the interactions between software buyers and vendors in a 
software market. The market offers Software-as-a-Service (SaaS) and perpetual 
software (PS) licenses under different pricing schemes. Four dynamic pricing 
schemes are analyzed: derivative-follower pricing, demand-driven pricing, 
skimming pricing, and penetration pricing. Customer (buyer) agents respond to 
these prices by selecting the most appropriate software license scheme based on 
four criteria using the Analytic Hierarchy Process (AHP) decision support 
mechanism. The four decision criteria relate to finance, software capability, 
organization, and vendor. The simulation results show that the demand-driven 
pricing scheme is the most effective method but hard to implement since it 
requires perfect knowledge about market conditions. As an alternative, 
penetration pricing and skimming pricing could be used. In addition to this, it 
can be stated that SaaS is most attractive for small enterprises while PS is 
attractive for large enterprises. 
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1. Introduction 

In the real world, pricing schemes are various. Software vendors, which try to maximize 
profit, might use information about customers, competitors, and market demand to set the 
price. Detailed information on customers’ software selection criteria can help software 
vendors to design detailed pricing schemes that are attractive to customers. In addition to 
this, software vendors try to obtain a large market share, using network effects and 
customer lock-in mechanisms, especially if the potential of product differentiation is 
narrow [10]. Software vendors, who obtain little information about customers and 
competitors, can only set their prices based on product development cost and delivery costs 
[11]. Simple pricing such as cost-plus pricing and derivative-follower pricing are also 
appropriate pricing schemes for these software vendors [16]. 

This paper examines a software market, in which Software-as-a-Services (SaaS) 
vendors and perpetual software (PS) vendors implement different pricing schemes. These 
pricing schemes are applied on top of the basic pricing concept of the SaaS licensing 
model and the basic pricing concept of PS licensing models. The basic pricing concept of 
SaaS is pay-per-use pricing. The price is set for one unit of use. The total use of the 
software is measured either as the number of accesses to the software, the number of 
transactions initiated, or the time period of use. The time period pricing usually gives 
unlimited access to the software for a certain time period (e.g., a month). The basic pricing 
concept of PS sets a price for a software license, which grants unlimited use of the 
software and does not expire. 

For the analysis of the software market, we develop an agent-based simulation system 
for dynamic software pricing, focusing on SaaS and perpetual software licensing models. 
Each vendor agent attempts to maximize its profit by applying one of the following pricing 
schemes: demand-driven (DD) pricing, derivative-follower (DF) pricing, penetration (PN) 
pricing, and skimming (SK) pricing. Customer (buyer) agents compare (SaaS and PS) 
software application offers made by vendors, using the Analytic Hierarchy Process (AHP) 
as decision support mechanism. The four main criteria used for selecting the software are: 
finance, software capability, organization, and vendor. The criteria design is based on 
previous software selection literature [4][5][6][7][8][9][25][26] [27]. The data used for 
describing organizations and their IT infrastructures is also based on the result of a 
literature survey [21][28]. Software product/service information is collected from offerings 
of SaaS and PS software products in the real-world market [34][35].  

The simulation results obtained with our agent-based simulation system demonstrate 
how the software selection criteria impact the decision making and how different pricing 
schemes influence the success of the software vendors in the market. In detail, it illustrates 
the revenues from SaaS and perpetual software, using the four pricing schemes. The 
overall results show that the DD pricing scheme is the most effective method but hard to 
implement. It requires perfect knowledge about the market conditions. As an alternative for 
a real-world implementation, the PN pricing scheme and the SK pricing scheme can be 
considered. Our simulations results also illustrate that the customer base has a significant 
impact on the success of the pricing plan and the (SaaS and PS) licensing model. 
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The remainder of this paper is organized as follows. In section 2, previous research on 
software selection methods and dynamic pricing is discussed. Section 3 describes the 
proposed simulation model and its agents (i.e., customer agents and vendor agents). The 
specification of the customer agents includes the AHP-based decision making method and 
the software selection criteria. The specification of the vendor agent comprises the 
definition of five pricing schemes. Section 4 presents the simulation results about the four 
different pricing schemes. Finally, section 5 concludes the paper with a summary. 

2. State-of-the-Art 

2.1. Software Selection Methods 

The following two sub-sections describe decision support tools. After a general overview 
about decision support tools that have been proposed for hardware, software, and Internet 
service purchases in literature so far, the Analytic Hierarchy Process (AHP), as the 
decision support tool of choice, is introduced in more detail. 

2.1.1 Decision Support Tools 

Many decision support tools for supporting hardware, software, and Internet service 
purchases have been suggested during the past years [18][20][24][25][26][27]. Altmann 
and Varaiya proposed a decision support tool for selecting Internet access services that 
match needs and preferences of customers [18]. Risch and Altmann introduced an 
extension to WS-Agreement, called computing resource definition language (CRDL), 
which is a framework for specifying computing resources in service level agreements 
(SLAs) [20]. The framework contains specifications of hardware, software, pricing 
schemes, and vendor guarantees, which are important for selecting Cloud computing 
services. Ullah et al. developed a decision support method for classifying variants of a 
single software product into product portfolios based on customer preferences [26]. Dias-
Neto and Travassos proposed a decision support model for selecting software using a 
model-based testing (MBT) approach [24]. Kwong et al. introduced a solution, based on a 
genetic algorithm, for selecting software components [25]. Ayala et al. investigated the 
software selection from a practical perspective by interviewing practitioners [27].  

2.1.2 Analytic Hierarchy Process 

The Analytic Hierarchy Process (AHP) method has been developed by Saaty [13]. It is a 
criteria weighting method, which differs from methods such as Direct Weighting, SMART, 
SWING, and SMARTER [29]. Direct Weighting requires setting weights for each sub-
criterion directly, instead of calculating those weights as AHP requires. The Simple Multi-
Attribute Rating Technique (SMART) lets decision makers choose the least important 
attribute and rate it with 10 points. Then, the decision maker assigns points (> 10 points) to 
the remaining attributes based on a comparison with the least important attribute that had 
been chosen before. Using the SWING technique, decision makers give 100 points to the 
most important criterion first and, then, assign points (< 100 points) to the remaining less 
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important criteria. Afterwards, for both methods (SMART and SWING), the decision 
makers rank the attributes in increasing order from the worst to the best attribute.  

Jadhav and Sonar evaluated the AHP technique as a flexible and powerful tool for 
evaluating qualitative and quantitative criteria [5]. They identified as weakness the time-
consuming calculation of pair-wise comparisons that increases quadratically as the number 
of alternatives and criteria increases. Karlsson et al. compared six different methods for 
prioritizing software requirements (i.e., AHP, Hierarchy AHP, minimal spanning tree, 
bubble sort, binary tree search, and priority groups) and found that AHP is the most 
promising method [30]. 

In addition to this, AHP has been used in many decision making tools for selecting 
software [4][6][7][8][10]. Godse and Mulik applied the AHP method for evaluating 
software-as-a-service (SaaS) offerings [6]. In this context, they identified the criteria of 
SaaS adoption, which are functionality, architecture, usability, vendor reputation, and cost. 
Lai et al. adopted the AHP method for selecting a multimedia authorizing system [7]. 
Colombo and Francalanci implemented AHP for selecting customer relationship 
management (CRM) packages, using criteria that are based on architectural, functional, 
and cost requirements [4]. Rohitratana and Altmann aggregated both customer and vendor 
criteria and used these criteria in their AHP-based decision making model for estimating 
the impact of energy cost on the decision-making process [10]. Mulebeke and Zheng 
implemented a decision support tool for selecting pen production software. They used 
Web-HIPRE, an online decision support tool, which allows weighting of criteria according 
to different weighting methods (including AHP) [8].  

2.2 Dynamic Pricing 

Dynamic pricing schemes have been investigated with respect to different objectives, 
ranging from determining price equilibria, achieving stability, controlling demand, and 
maximizing profit [10][12][14][15][16][17][19][23].  

Matsuda and Whang studied pricing mechanisms for networks, maximizing the net 
utility of a network [14]. In particular, they characterized the equilibrium and the stability 
conditions of three dynamic pricing schemes.  

Altmann et al. investigated the demand change under different pricing schemes within 
an empirical study [19]. They compared the differences in demand for Internet access 
service with respect to different usage-based pricing schemes and the flat rate pricing 
scheme. In a subsequent work, a decision support tool for helping Internet service 
providers (ISPs) to analyze pricing schemes, called Dynamic Netvalue Analyzer, was 
introduced by Altmann and Rhodes [17]. 

In a simulation conducted by Kephart et al., intelligent agents called pricebots 
automatically adapt product prices to changing market conditions, using a dynamic pricing 
algorithm [12]. In addition to this, they investigated shopbots. Shopbots respond to prices 
set by pricebots. They compare product prices, rank products based on customer 
preferences, and then make purchase decisions.  
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To capture the fact that perfect market knowledge is almost impossible to obtain in the 
real world, vendors with limited knowledge about customers and competitors can 
implement the derivative-follower pricing scheme [12]. Using this pricing scheme, vendor 
agents incrementally increase (or decrease) prices until they experience a drop in profit. 
Then, vendor agents decrease (or increase) prices. Dasgupta and Das developed a 
simulation that focuses on the derivative-follower pricing algorithm [16]. They proposed 
an algorithm that enhances the derivative-follower pricing by re-estimating the price-profit 
relationship for vendor agents for each time period. This work has been extended by 
Dasgupta and Hashimoto, who applied collaborative filtering for analyzing customer 
preferences. Their algorithm uses the result of the collaborative filtering as input to a 
dynamic pricing algorithm, which calculates the profit-maximizing price [15]. 

In another research paper by Lehmann and Buxmann, a pricing algorithm uses 
knowledge about customer preferences [10]. Because of that, the algorithm, which is 
referred to as a demand-driven pricing algorithm, achieves profit maximization. Precisely 
identifying customer preferences becomes a critical success factor for the demand-driven 
pricing algorithm [23]. However, acquiring perfect information of customer preferences 
requires huge amount of resources. These resources are usually only available to large 
firms. 

In order to attract customers with low reservation prices, the penetration pricing 
scheme can be implemented. This pricing scheme initially sets prices lower than the prices 
of competitors, and then gradually increasing price [10]. The objective is to benefit from 
lock-in effects, i.e., to benefit from customers whose cost for switching to a new provider 
is high. Penetration pricing scheme is aimed at customers with high price sensitivity [22]. 

The polar opposite of penetration pricing is called skimming pricing. A skimming 
pricing scheme targets customers with high reservation prices or inelastic demand [22]. 
This pricing scheme creates high prices for products that are released newly, and then 
continuously lowers prices to capture customers with lower reservation prices [10]. High-
tech vendors or innovative software vendors use this pricing scheme to sell software. 

3. Simulation Model 

3.1. Simulation Scenario 

The simulation scenario represents a software market, in which customers purchase 
software licenses, and vendors offer software licenses at prices that depend on the pricing 
scheme used. Customers make decisions on purchasing either a Software-as-a-Service 
(SaaS) solution or a software solution with a perpetual license (PS) from one of the 
software vendors. A customer cannot opt for not choosing any of those two solutions. 

Consequently, there are two types of agents within the simulation model: customer 
agents and software vendor agents. Customer agents are characterized through criteria 
values that reflect their organization size. Based on these criteria values and prices offered 
by vendor agents, customer agents make purchase decisions on the most appropriate 
software license solution. The software vendor agents are further categorized into two sub-
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types: PS vendor agents, and SaaS vendor agents. Both vendor agents offer their software 
licenses at prices that follow a specific pricing scheme.  

 

Figure 1. Simulation workflow. 

The steps of the simulation are shown in Figure 1. After the simulation has started, 
each vendor agent calculates a price for its software solution using its dynamic pricing 
algorithm. Customer agents respond to the prices by calculating scores for both software 
solutions (i.e., SaaS and PS solutions) based on a decision support model. Taking the 
scores obtained, the customer agents select the software option with the highest score. 
Consequently, the revenue of one of the vendor agents is increased. For analyzing the 
development of this software market off-line, the scores, the selections, and the revenues 
are recorded during the simulation run. 

As Figure 1 also shows, the previously described steps are executed repeatedly until 
the end of the simulation time (i.e., a pre-set number of iterations) has been reached. 
Depending on the type of our investigation, the number of iterations is 300 or 3200 
iterations. 

3.2. Customer Agents 

3.2.1. Customer Agent Types 

Based on the customer classification that was described by Cai et al. [21], customer agents 
in this simulation are grouped into three categories: small enterprises, medium-sized 
enterprises, and large enterprises. The difference between these classes is the number of 
employees of these enterprises: less than 20 employees are employed in a small enterprise, 
between 20 and 250 employees are employed in a medium-sized enterprise, while a large 
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enterprise has at least 250 employees. These values are based on the European 
Commission’s SME guide [28].  

Depending on the number of employees, these classes of enterprises have a different 
demand for software resources. The need for the type of applications, however, is assumed 
to be identical for all categories of customers. The range of application types goes from 
basic applications (e.g., office suite software, multimedia software, games, education 
software, browser, anti-virus) to software for customer relationship management (CRM), 
finance management, supply chain management, data mining, and data center management. 
Consequently, we can define the demand for software resources as a percentage value of 
software usage (Table 1). The higher the number of employees in the company is, the 
higher the software usage. The 66% for large enterprises is based on the percentage values 
of software use that have been discussed in literature. These values range between 60% 
and 80% for perpetual software [2]. 

Table 1. Customer agent categories and their parameter values. 

Category Number of Employees Usage Time of Software 

Small enterprises < 20 (average 10) 12 / 36 months (30%) 
Medium-sized enterprises ≥20, ≤250 (average 100) 24 / 60 months (40%) 
Large enterprise > 250 (average 1000) 48 / 72 months (66%) 

 

The depreciation periods of software purchases for small enterprises, medium-sized 
enterprises, and large enterprises is set to 36 months, 60 months, and 72 months, 
respectively. The reason is the different long-term perspective of these types of enterprises.   

3.2.2 Decision Making of Customer Agents 

Depending on the organization size (i.e., small, medium, or large organizations), each 
organization has different preferences. Therefore, customer agent parameters are populated 
according to the size of the organization. The parameters and the values of these 
parameters have been identified in existing literature about software selection and SaaS 
adoption [1][3][4][5][6][7][8][9]. Based on these parameters and values, customer agents 
score each software solutions and, then, make a purchase decision for the software solution 
with the highest score. The chosen software product (i.e., either SaaS or perpetual software) 
is the most suitable product according to the customer agents’ profile. 

3.2.2.1 Criteria 

For scoring each software solution, customer agents use the Analytic Hierarchy Process 
(AHP) method. Following this method, all criteria are organized in a decision tree, which 
shows the hierarchy between the criteria. The criteria and the decision hierarchy of all 
criteria of our simulation model are illustrated in Figure 2. 
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Figure 2. Decision hierarchy of software license criteria. 

The four main groups of criteria in the software selection decision making are: Finance, 
Software Capability, Organization, and Vendor. 

Finance is usually the top priority for chief information officers (CIOs) of companies. 
The Finance criterion includes the Benefit criterion and the Cost criterion. The Benefit 
criterion refers to the value that buyers gain from using the software. It can be classified 
into Direct Benefits and Indirect Benefits. The Direct Benefits criterion refers to the utility 
that a customer gains from using the software. The utility function U is defined as a 
product: 

 ܷ	ሺ ௨ܶ	, ௨ܰ	, ௙ܰ	, ௙ܸ 	, ሻݑ 		ൌ 		݂	ሺ ௨ܶ 	 ∙ 		 ௨ܰ 	 ∙ 	 ௙ܰ 	 ∙ 		 ௙ܸ 	 ∙  ሻ    (1)ݑ	

where Tu is the software usage period (measured in units of months) before the software 
gets replaced, Nu is the number of users that use the software within the company, Nf is the 
number of software functions, Vf is the average utility of all software functions, u 
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represents the percentage of use of the software solution, and f is the function for making 
the product unit-less.  

The indirect benefit criterion captures the gain from using a new technology. In our 
case, it includes the increase in public image of the organization through the adaption of 
the new SaaS technology. Besides, by adopting SaaS, firms can pay for the software cost 
monthly instead of having a one-time, large, initial payment. Although these benefits do 
not give directly monetary returns to an organization, they positively impact the firm as a 
whole. The indirect benefit for perpetual software comes from the authority in data 
management as well as the ownership of hardware and software. 

The cost (i.e., total cost) of software includes three criteria: Initial Cost (capital cost), 
Operation Cost, and Disposal Cost. The initial cost criterion refers to a one-time payment 
to a vendor. The disposal cost criterion denotes the expenditure, if users abandon the use of 
the software solution or switch to a new software solution. The operation cost criterion 
refers to cost that incurs during the software usage period. The operation costs for 
perpetual software and for SaaS are defined as: 

COP (PS)   =   Tu · Cserver      (2) 

COP (SaaS)  =   Tu · Nu · (Cn + Csub)     (3) 

where Cserver is the monthly operation cost for operating a server running perpetual 
software. Cn is the monthly cost for transferring data across a computer network, and Csub 
is the monthly subscription rate (i.e., pay-per-use cost) for the software service. 

The software capability criterion refers to software performance. It includes Functional 
and Non-Functional requirements. The functional requirements criterion refers to software 
attributes that are related to software output, which can be classified through the Number 
of Functions available through the software or the Number of Reports that are produced by 
the software. The non-functional requirements criterion includes the criteria Ease-of-Use, 
Reliability, and Security. They specify the simplicity of handling the software, the 
reliability of the software, and the software protection against misuse and theft. 

The Organization criterion refers to factors within an organization that affects new 
software implementations. These factors can be grouped into IT Infrastructure Maturity 
and Policy. The IT infrastructure criterion considers factors such as staff knowledge, 
computer equipment, facilities for computers, firm culture, and network connectivity. The 
policy criterion describes the organization’s policy towards IT, which can range from low 
priority to high priority. 

The final criterion, the vendor criterion, includes Reputation and Technical Skill. As an 
indication of the vendor reputation, the number of clients of the vendor can be taken [6]. 
The technical skill criterion includes factors such as client training quality, technical 
support quality, and their experience in developing IT products or IT services.  
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3.2.2.2 Pairwise Comparison 

Using AHP, each customer agent has also to perform pairwise comparisons of all selection 
criteria, in order to calculate the weights for each criterion [13]. For the pairwise 
comparison, the agents assign a value for each pair of criteria, ranging from 1 (equally 
favored) to 9 (extreme favored). The value describes the relative importance of one 
criterion over another criterion. In our simulation, the pairwise comparisons that are 
performed by the different customer agent types (small, medium, and large firms) differ 
depending on their preferences. The preferences for each criterion are based on general 
firm attributes as found in literature [28].  

After obtaining the results of all pairwise comparisons, the regular AHP method is 
applied [13]. The results of the AHP method are the local weights and the global weights 
for each of the criteria. They are illustrated in the following three tables. 

Table 2. Criteria weights of a small enterprise. 

Criteria Global 
weight 

Sub-criteria Local 
weight 

Global 
weight 

Sub-criteria Local 
weight 

Global 
weight 

Finance 0.473 Benefit 0.333 0.158 Direct 0.750 0.1185 
     Indirect 0.250 0.0395 
  Cost 0.667 0.315 Initial 0.709 0.2233 
     Operation 0.214 0.0674 
     Disposal 0.077 0.0243 

Capability 0.311 Functional 0.750 0.233 Functions 0.750 0.175 
     Reports 0.250 0.058 
  Non-functional 0.250 0.078 Ease-of-use 0.537 0.042 
     Reliable 0.195 0.015 
     Security 0.268 0.021 

Organization 0.086 IT Infra. 
Maturity 

0.833    0.072 

  Policy 0.167    0.014 
Vendor 0.130 Reputation 0.250    0.033 

  Technical skill 0.750    0.097 

 

Table 3. Criteria weights of a medium-sized enterprise. 

Criteria Global 
weight 

Sub-criteria Local 
weight 

Global 
weight 

Sub-criteria Local 
weight 

Global 
weight 

Finance 0.457 Benefit 0.333 0.152 Direct 0.833 0.127 
     Indirect 0.167 0.025 
  Cost 0.667 0.305 Initial 0.405 0.124 
     Operation 0.480 0.146 
     Disposal 0.115 0.035 

Capability 0.284 Functional 0.750 0.213 Functions 0.800 0.170 
     Reports 0.200 0.043 
  Non-functional 0.250 0.071 Ease-of-use 0.532 0.038 
     Reliable 0.102 0.007 
     Security 0.366 0.026 

Organization 0.061 IT Infra. 
Maturity 

0.833    0.051 

  Policy 0.167    0.010 
Vendor 0.198 Reputation 0.167    0.033 

  Technical skill 0.833    0.165 
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Table 4. Criteria weights of a large enterprise. 

Criteria Global 
weight 

Sub-criteria Local 
weight 

Global 
weight 

Sub-criteria Local 
weight 

Global 
weight 

Finance 0.162 Benefit 0.250 0.041 Direct 0.833 0.034 
     Indirect 0.167 0.007 
  Cost 0.750 0.121 Initial 0.214 0.026 
     Operation 0.709 0.086 
     Disposal 0.077 0.009 

Capability 0.547 Functional 0.750 0.410 Functions 0.875 0.359 
     Reports 0.125 0.051 
  Non-functional 0.250 0.137 Ease-of-use 0.090 0.0123 
     Reliable 0.354 0.0485 
     Security 0.556 0.0762 

Organization 0.218 IT Infra. 
Maturity 

0.750    0.164 

  Policy 0.250    0.054 
Vendor 0.073 Reputation 0.250    0.018 

  Technical skill 0.750    0.055 

The difference of the global weights of the criteria, as shown in Table 2, Table 3, and 
Table 4, are caused by the difference in the pairwise comparison of the criteria for small 
enterprises, medium enterprises, and large enterprises. The global weights illustrate that 
small and medium-sized enterprises set the finance criterion as the most important 
criterion. This is a result of a low budget for IT resources. The finance criterion is followed 
by the criteria capability, vendor, and organization. With respect to large enterprises, the 
capability and organization criteria are prioritized the highest. The finance criterion has not 
the highest priority as large enterprises have a large IT budget available.  

In our simulation, a customer agent is assigned the weights of Figure 3, Figure 4, and 
Figure 5, depending on whether it represents a small, medium, or large enterprise. Then, 
when a customer agent has to evaluate the software options offered by vendor agents, it 
uses its criteria weights. 

3.3 Vendor Agents 

3.3.1. Parameter Settings of Vendor Agents 

The vendor agent parameters in the simulation are set according to information gained 
from two well-known SaaS and PS providers. The SaaS vendor parameters are based on 
the CRM product of Salesforce.com (CRM Professional Edition) [34], while the PS vendor 
parameters are based on Microsoft’s CRM on-premise software [35].  

There are two important parameters for vendor agents: the one-time price and the 
subscription rate. The initial, one-time price refers to upfront payment that a customer has 
to pay when purchasing a perpetual software license. The initial subscription rate refers to 
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the monthly price that a customer has to pay to a software vendor for leasing and operating 
the application. Furthermore, we assume that there is no initial one-time price to pay for 
SaaS products and no subscription price to pay for PS products. These parameter values of 
the vendor agents are shown in Table 5. 

Table 5. Vendor agent categories and their parameter values. 

Category Initial, One-Time Price Initial Subscription Rate 

SaaS - $65 
PS $800 - 

In order to avoid the complication in calculating revenues, we assume that the 
development costs and the maintenance costs for vendors are zero. 

3.3.2. Dynamic Pricing Schemes of Vendor Agents 

To ensure success in business, software vendors (i.e., SaaS vendors and PS vendors) need 
to have solid pricing schemes. In particular, software vendors require pricing instruments 
that work for selling technology products, which get quickly obsolete. In order to address 
this issue, dynamic pricing schemes are an option. These pricing schemes take an initial 
price (as set in section 3.3.1) and adapt them to the market situation continuously. 

In the following subsections, four dynamic pricing schemes are introduced that have 
been frequently investigated in academic research and are applied in the software industry. 
These pricing schemes are the derivative-follower (DF) pricing scheme, the demand-driven 
(DD) pricing scheme, the penetration (PN) pricing scheme, and the skimming (SK) pricing 
scheme. In addition to this, the flat-rate (fixed-price) pricing scheme (FP) is used as a 
reference pricing scheme. Under this pricing scheme, the price does not change. 

These pricing schemes are used to understand the interplay between these dynamic 
pricing plans in the market and to demonstrate how software vendors can benefit from 
dynamic pricing schemes.  

3.3.2.1 Derivative-Follower Pricing Scheme 

The derivative-follower pricing scheme (DF) is suited for vendors, who have little 
knowledge about the market condition and the actual demand of customers [16]. Under 
this pricing scheme, vendors just need to increase or decrease their prices depending on the 
results of their sales. Using this trial-and-error approach, they can try to optimize their 
revenues.  

In detail, if a vendor offered his customers a price pt at time interval t and a price pt - 1 
at time interval t – 1, where pt > pt-1, and the revenue at time t is larger than the revenue at 
time t – 1 (Rt > Rt – 1), then the vendor would increase its price p t + 1 in time interval t + 1 
as well. Otherwise, the vendor would decrease its price pt + 1. Therefore, the price pt+1 at 
time interval t + 1 is defined as follows: 
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 pt+1 = pt + δ if Rt ≥ Rt - 1 at time interval t, and 

 pt+1 = pt – δ if Rt < Rt - 1 at time interval t      (4) 

where δ is a constant though different for different products, and Rt is revenue at time 
interval t. This algorithm repeats infinitely.  

From the initial price setting of SaaS and PS (Table 5) for our simulation, we assume 
that SaaS products have a smaller price range than PS products. Therefore, the default 
value for δSaaS is set to 1, while the default value δPS is set to 10.  

3.3.2.2 Demand-Driven Pricing Scheme 

Using demand-driven (DD) pricing schemes, vendors set prices based on their knowledge 
about the perceived values of customers. In order to calculate the optimal price, this pricing 
scheme requires complete information on customer preferences and competitor behaviors.  

Demand-driven pricing schemes are market-specific. Customers in different markets 
have different value perceptions [23]. The key success factor for this pricing scheme is that 
vendors can clearly identify customer requirements and customers’ willingness to pay. 
Therefore, vendors have to balance the tradeoff between the cost for acquiring knowledge 
and the potential revenue obtained from this [23]. Since capturing of customer’s perceived 
value is costly, large vendors have an advantage over smaller vendors because of their 
large amount of resources available for market research. 

Examples of software vendors, who implemented this pricing scheme, are the leading 
software vendors. Microsoft implements a consumption-based pricing plan for its cloud 
computing product, called Microsoft Azure [31]. Salesforce, Netsuite, and Workday use 
this pricing scheme for their SaaS products. These software vendors categorized their 
software offerings such that a category matches the needs of a specific group of customers 
in the market. This classification resulted in numerous software versions (e.g., individual 
user version, professional version, enterprise version), targeting specific customer groups. 
Each software version comprises a different set of features. 

Formally, the price pt + 1 at time interval t +1 can be defined as shown in the following 
equation: 

 pt+1 = arg max (D(Customer Preferences, Competitor Behavior, pM)*pM)  (5) 
 pM 

where D() denotes the customer demand for a software version at a certain price pM, 
assuming a specific set of customer preferences and competitor behaviors.  

For our simulation, we assume that the vendor agent has knowledge about the customer 
preferences (i.e., knowledge about the three criteria weight settings as described in section 
3.2.2.2). The vendor agent selects the customer preferences depending on its target market. 
With respect to the competitor behavior, we only consider the prices of the competitors in 



15 

 

the current round t in our simulation. It allows comparing the vendor’s price with the 
prices of the competitors. 

For setting the price such that the maximum revenue is obtained, the software vendor 
runs the AHP model of the software consumer agents with prices pM in the range between 
pt – α and pt + α, where α is constant but different for SaaS products (αSaaS) and PS 
products (αPS). αSaaS is set to 10 and αPS is set to 100, since PS has a larger price range than 
SaaS. The price pt of the previous time period is taken as a starting point. The price pt, 
which results in the highest revenue, will be taken as the new price pt+1.  

3.3.2.3 Penetration Pricing Scheme 

The principle behind the penetration pricing scheme (PN) is to use low prices for gaining 
market share. Penetration pricing schemes target customers, who have a high level of price 
sensitivity and a low reservation price [22]. This kind of customers comprises the largest 
segment of the software market. After reaching market share and successfully creating 
lock-in effects, the software vendor can upgrade its software and generate additional 
revenue [10].  

Penetration pricing schemes are frequently used in business-to-consumer (B2C) 
scenarios. Walmart with its motto “always low prices” is a good example. In the software 
industry, some large enterprises also implemented this pricing scheme. For example, 
Google offers a free SaaS version of an Office suite, in order to compete with Microsoft on 
its products. Microsoft also lowered the price of its Window and Office suits (or provided 
less powerful versions) in order to capture new markets (i.e., users who would not be able 
to purchase the full software at full price) [32].  

The disadvantage of this pricing scheme becomes obvious, if the lock-in effect fails 
and prices are increased. In this case, the vendor is at risk of losing customers. Customers 
would leave, since the software product was expected to stay cheap. 

In our simulation, the initial prices of PN vendors are set lower than its competitors. 
When PN vendors reach its target market share, the prices are increased to generate higher 
revenues. The lock-in effect can be modeled as a bonus L in the current price (pt = pt – L). 
In our simulation, it is set to L = 0. Besides, if PN vendors raise their prices until their 
market shares St are lower than they expect, the vendors start reducing their prices again. 
This penetration pricing plan can be formally expressed with the following equation: 

 pt+1 = pt + δ  if St >= ST at time interval t, and 

 pt+1 = pt - δ  if St < ST at time interval t       (6) 

where δ is a constant, St is the market share at the last time period t, and ST is a constant 
that represents the target market share set by the software vendor. Market share St can be 
calculated with the following equation: 

   St  = nt / N         (7) 
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where nt is the number of sales or number of customers at time t, and N is the sample 
population or the total number of customers.  

3.3.2.4 Skimming Pricing Scheme (SK) 

The skimming pricing scheme sets initially a high price and, then, gradually reduces the 
prices [10]. The objective of this pricing scheme is to target customers, who have the 
highest willingness to pay. The initially targeted customers tend to be insensitive to prices 
[22]. This pricing scheme is the polar opposite to the penetration pricing scheme. 

The skimming pricing scheme is typically found in selling prestige goods or premium 
goods. To implement this strategy, the software product quality and image should be high 
enough to match the high price. Vendors intend to gain maximum profit from a market for 
hi-tech or new innovative products (e.g., HDTV, game software, and MP3 player, camera). 
Typical examples are found in the game industry. Game software companies set high 
initial prices to sell their software to forward-looking customers and, then, reduce prices 
later to sell to customers with a lower reservation price [33].  

The disadvantage of this pricing scheme is that, if vendors lower the prices too fast 
early buyers could get negative feelings about being ripped-off. 

To simulate the skimming pricing scheme, we set the initial price of SK venders higher 
than prices of their competitors. If their sales cannot reach target market share, SK vendors 
start reducing its price. The equation is formed as described below:  

    pt+1 = pt – δ if St < ST  at time interval t, and 

pt+1 = pt + δ   if St >= ST at time interval t     (8) 

where δ is a constant, St is the market share at the last time period t, and ST is a constant 
that represents the target market share set by a software vendor. The market share St can be 
calculated with the following equation: 

      St  = nt / N        (9) 

where nt is the number of sales or number of customers at time t, and N is the sample 
population or the total number of customers. 

4. Analysis of Simulation Results 

In order to investigate the performance of each pricing scheme, we use our simulation 
model of the software market, in which customers purchase software from SaaS vendors or 
from PS vendors. For this, we compare the different pricing schemes (Section 3.3.2) for 
SaaS products and PS products by letting different types of customer agents make purchase 
decisions on these software products. 
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The value settings of the constants used in the pricing schemes of our simulations are 
summarized in Table 6. 

Table 6. Constant values used in the simulations. 

Constant Description Value 

δSaaS Constant for increasing and reducing prices for SaaS 1 

δPS Constant for increasing and reducing prices for PS 10 

αSaaS Constant for setting price range in DD simulations for SaaS 10 

αPS Constant for setting price range in DD simulations for PS 100 

ST (PN) Target market share for PN simulations 0.3 

ST (SK) Target market share for SK simulations 0.2 

Since the prices of SaaS products are usually lower than PS products, the values of the 
constants for SaaS are lower than those of PS as well. The target market share of SK is set 
a little bit lower than the target market share of PN. It makes sense to assume that the 
number of customers, who are attracted by SK pricing (i.e., are willing to pay a high price), 
is lower than the number of customers, who are the target of the PN pricing and prefer to 
pay lower prices. 

The number of agents in our simulation depends on the simulation experiment. The 
rule applied is that there is exactly one software vendor agent for each software option 
offered and pricing scheme used. Therefore, the number of vendor agents can vary 
between 2 and 10 agents. The number of customer agents corresponds to the number of 
customer types used in the simulation run. This number can range between 1 agent and 3 
agents. 

4.1 Pricing Scheme Comparison in Single Product Markets 

To understand how effective the different pricing schemes are, the five different pricing 
schemes are compared in markets under controlled conditions. That means, we distinguish 
between markets, in which only SaaS products or PS products are traded, and markets, in 
which only a specific set of customer types exists. Figure 3 illustrates the results of the 
pricing scheme simulation of three markets, in which only SaaS products are traded. The 
three markets shown differ with respect to the customer base. There is a market with small 
enterprises as customers only, a market with large enterprises as customers only, and a 
market with all three types of customer agents. In these markets, five SaaS products are 
offered at five different pricing schemes. 

Figure 4 presents the simulation results of three markets, in which PS products are traded 
only. The three markets differ in the same way as in Figure 3. There is a market with 
small-sized enterprises only, a market with large-sized enterprises only, and a market with 
all three types of enterprises. The five PS products are offered at five different pricing 
schemes. 
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Figure 3. Pricing scheme comparison for three different markets (i.e., market with 

small-sized enterprises, market with large-sized enterprises, and market with all 
types of enterprises), in which five SaaS products are offered using five different 

pricing schemes (i.e., FP, DF, PN, SK, DD). 

 

    

 
Figure 4. Pricing scheme comparison for three different markets (i.e., market with 

small-sized enterprises, market with large-sized enterprises, and market with all 
types of enterprises), in which five PS products are offered using five different pricing 

schemes (i.e., FP, DF, PN, SK, DD). 
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The simulation results of Figure 3 and Figure 4 show similar results. Although they 
differ in their absolute values, the shapes of the curves are similar. This finding is expected, 
since only one type of good is being traded. In this case of no competition, the results 
represent the workings of the pricing schemes only.  

Moreover, the most effective pricing scheme for both products (i.e., SaaS and PS), is 
DD. It generates the highest revenue for both products. The order of the succeeding pricing 
schemes is PN, DF, SK, and FP.  

4.2 Comparison of All Pricing Schemes in a Market for SaaS and PS Products 

After having shown the effects of the five pricing schemes on the revenue in a market with 
a single product, this simulation experiment investigates how SaaS and PS products 
compete in the same market. The main objective of this simulation is to find the most 
effective combination of pricing scheme and software licensing option.  

The SaaS and PS products are offered in five pricing schemes in a market with small, 
medium, and large enterprises as customers. Therefore, the total number of vendor agents 
is 10. Five vendor agents offer a SaaS product and five vendor agents offer a PS product. 
Each of the five vendors offers its product under a different pricing scheme. These 10 
vendors are denoted with FPSaaS, FPPS, DFSaaS, DFPS, PNSaaS, PNPS, SKSaaS, SKPS, DDSaaS, 
and DDPS (Table 7). 

Table 7. Vendor agent types. 

Vendor Type Scheme Vendor Type Scheme 

FPSaaS SaaS Fixed Price PNPS PS Penetration 
FPPS PS Fixed Price SKSaaS SaaS Skimming 

DFSaaS SaaS Derivative Follower SKPS PS Skimming 
DFPS PS Derivative Follower DDSaaS SaaS Demand Driven 

PNSaaS SaaS Penetration DDPS PS Demand Driven 

Figure 5 illustrates the result of the pricing scheme simulations for the duration of 3200 
time periods. The figure shows the increase in revenue for each time period. 
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Figure 5. Comparison of all combinations of pricing schemes and software 
licensing types in a market with small, medium, and large enterprises. 

Figure 5 illustrates that only 8 software vendors (DFSaaS, DFPS, PNSaaS, PNPS, SKSaaS, 
SKPS, DDSaaS, and DDPS) of the 10 software vendors can attract customers. The most 
successful vendor is DDSaaS. The subsequent ones are PNSaaS, SKSaaS, DFSaaS, DDPS, PNPS, 
SKPS, and DFPS. Both FP vendors (FPSaaS and FPPS) cannot generate any revenues. 

In the beginning of the simulation (i.e., < 100 time periods), PNSaaS successfully 
penetrates the market with its initial low price offerings. As PNSaaS gradually raises its 
prices, since it reached its market share as planned, the other vendors start cutting their 
prices. At the point when PNSaaS charges prices higher than DDSaaS, customer agents start 
to purchase software from DDSaaS. Vendor DDSaaS continues generating revenue, while the 
other vendors reduce their prices to be able to compete with DDSaaS. For the rest of the 
simulated time periods, the DDSaaS performs always a little better than PNSaaS. Vendor 
SKSaaS, who does not get any revenue in the beginning due to prices that were higher than 
the prices of the other SaaS vendors, later gains portions of the market and is ranked third 
in the end of the simulation. Vendor DFSaaS generates less revenue due to its trial-and-error 
approach and ends up in the fourth place. The PS vendors, except for FPPS that does not 
generate any revenue, are only able to obtain small portions of the overall revenue.  

In order to identify the impact of the customer type on the simulation results, we repeat 
the previous simulation with only one customer type. We simulate the competition 
between vendors in a market with small enterprises only as well as the competition 
between vendors in a market with large enterprises only. The simulation results are shown 
in Figure 6 and Figure 7, respectively. 
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Figure 6. Comparison of all combinations of pricing schemes and software 

licensing types in a market with small enterprises only. 

 
Figure 7. Comparison of all combinations of pricing schemes and software 

licensing types in a market with large enterprises only. 

The results shown in Figure 6 and Figure 7 are similar to the result of the simulation in 
Figure 5. The most effective pricing scheme is still DD, followed by PN, SK, and DF. In 
addition to this, Figure 6 also indicates that small enterprises prefer purchasing SaaS 
products. Figure 7 indicates that large enterprises favor PS products.  

In addition to this, as can be seen from a comparison of Figure 6 and Figure 7, the 
absolute values of revenue differ between SaaS product pricing and PS product pricing. 
While the revenue reaches only $110,000 in the market with large enterprises, the revenue 
reaches $240,000 in the market with small enterprises. These absolute values are a 
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consequence of the parameter setting of enterprises and their demand. Therefore, if PS 
vendors would decrease the price of their products or the SaaS vendors would increase 
their prices, the outcome of the simulation run (Figure 5) would result in a mixture of the 
order of SaaS and PS pricing schemes. 

Based on the results depicted in Figure 6 and Figure 7, we can add another 
interpretation of the simulation results shown in Figure 5. The reason that all SaaS vendors 
generate more revenues than the PS vendors is simply a consequence of the customer base 
composition. The medium-sized enterprises are modeled to consume rather SaaS products 
than PS products. Therefore, in order to attract more medium-sized enterprises, the prices 
for PS products would have to be lowered.  

4.3 Comparison of Penetration Pricing (PN) and Demand Driven Pricing (DD) 

As a result of Section 4.2, the PN pricing scheme and the DD pricing scheme have been 
identified as the top 2 most effective pricing schemes among the five investigated. 
Consequently, the question rises what would happen, if all vendors implement these two 
pricing schemes only. To answer this question, we conduct simulations with small, 
medium, and large enterprises using only the PN pricing scheme and the DD pricing 
scheme in a market with small, medium, and large enterprises as customers. Figure 8 
presents the result of this simulation. 

 
Figure 8. Comparison of the penetration (PN) pricing scheme and the demand 

driven (DD) pricing scheme in a market with small-sized, medium-sized, and large-
sized enterprises. 

Figure 8 shows that DDSaaS generates the most revenue, followed by PNSaaS, DDPS, and 
PNPS. The interesting fact is the little gap between the revenue of DDSaaS and the revenue 
of PNSaaS. Therefore, we can assume that these two pricing plans are substitutable. Based 
on the simulation results of Figure 8, we can also state that DD is still the most effective 
pricing scheme. However, since the implementation of DD is costly and not achievable to 
100%, PN is a suitable alternative in real-world scenarios.  
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4.4 Comparison of All Pricing Schemes Excluding Demand Driven Pricing 

The results shown in the previous sections illustrate that the DD pricing scheme is the most 
effective scheme in our simulations. However, implementing DD in reality is difficult, 
since it is almost impossible to collect perfect knowledge on both customers and 
competitors. To study the market evolution without the impact of the dominating strategy 
of using the DD pricing scheme, we simulate the pricing competition without vendors that 
apply the DD pricing scheme. The result is shown in Figure 9. 

 
Figure 9. Comparison of all pricing schemes excluding the demand-driven pricing 

scheme in a market with small-sized, medium-sized, and large-sized enterprises. 

Figure 9 illustrates that the most effective pricing scheme in this simulation is SKSaaS. 
PNSaaS is on the second rank only and DFSaaS on the third rank. In the beginning, the PN 
pricing schemes did well on penetrating the market and generating revenues. The pricing 
scheme SKSaaS started generating revenues later than PNSaaS but overcame PNSaaS quickly. 
The reason is that PNSaaS did not reach its market share in this simulation quickly enough 
and, therefore, could only follow the SKSaaS pricing scheme. The pricing plan DFSaaS comes 
in the third place. Since DFSaaS changes its prices every time period (due to its algorithm 
that changes prices according to the gain or loss of revenue in the last period), there are 
chances that DFSaaS raises its prices higher than competitors and, therefore, loses 
customers. SKSaaS and PNSaaS have less dynamic pricing (i.e., its prices are set depending 
on a market share threshold), which helps avoiding customer loss. Consequently, DFSaaS 
generates less revenue than SKSaaS and PNSaaS later on in the simulation. With respect to the 
PS vendors, the PNPS pricing scheme generates the highest revenue compared to other 
pricing schemes, as it can reach its market share quicker. The SKPS pricing scheme shows 
the same behavior as the PNPS pricing scheme after a slower start. The FP pricing schemes 
do not generate any revenues, as happened in the previous simulations (Figure 5). 
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From this pricing scheme simulation, we can conclude that the revenue threshold and 
the market share threshold have a significant impact in the beginning of the price setting 
simulation when prices did not converge to their stable values yet.  

4.5 Comparison of Penetration (PN) and Skimming (SK) Pricing Scheme 

The results in Section 4.4 suggest that SK and PN compete successfully in the market. 
Therefore, in this section, we generate a pricing competition between the PN pricing 
scheme and the SK pricing scheme only. The results of the simulation are shown in 
Figure 10. 

 
Figure 10. Comparison of the penetration (PN) pricing scheme and the skimming 

(SK) pricing scheme in a market with small-sized, medium-sized, and large-sized 
enterprises. 

The result shows that PNSaaS pricing scheme gains the most revenue in this simulation 
experiment. Although there is some time periods, in which SKSaaS generates more revenues 
than PNSaaS, PNSaaS gains more revenue than SKSaaS in the end. At the end of the 
simulation, the rate of their revenue generation is identical. As for PS vendors, their 
revenue is very small compared with the revenue of SaaS vendors, since customers only 
select them occasionally.  

The reason for this behavior is that PNSaaS pricing scheme gets its market share early on 
and, therefore, increases the price. At the time period 500, however, SKSaaS prices are lower 
than the prices of PNSaaS. During the following time periods, SKSaaS continues to increase 
its revenue until time period 890. At this point PNSaaS lost its market share and, therefore, 
lowers its prices. The prices became even lower than the one of the SKSaaS pricing scheme. 
Therefore, PNSaaS gains revenue during the following time periods until time period 1800. 
At this point, SKSaaS lost its market share and starts offering lower, competitive prices. 
PNSaaS can continue to sell with little lower prices. From this point onwards, the two 
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pricing schemes are sometimes briefly below the threshold and sometime briefly above the 
threshold, resulting in a almost linear curve. The slight convex shape of the curve also 
indicates a slight increase in the price over time. Considering the entire behavior of both 
pricing schemes, we can conclude that the penetration (PN) pricing scheme and the 
skimming (SK) pricing scheme show the same behavior in the long run. They can be 
considered equivalent. 

5. Discussion and Conclusion 

In this study, we developed an agent-based simulation of a software market that allows 
trading of two types of software licensing models (SaaS and PS) under four different 
dynamic pricing schemes. The four dynamic pricing schemes that have been considered 
are: derivative-follower (DF) pricing scheme, demand-driven (DD) pricing scheme, 
penetration (PN) pricing scheme, and skimming (SK) pricing scheme. 

The simulation involves two types of agents: customer agents and vendor agents. The 
task of customer agents is to score and rank software options offered by vendor agents, 
using the Analytic Hierarchy Process (AHP) method. The customer agent parameters are 
set based on the European Commission’s SME guide. There are three categories of 
customer agents, representing small-sized, medium-sized, or large-sized enterprises. 
Vendor agents set prices for their software offerings according to the pricing scheme 
deployed. Vendor agent parameters are based on real world products from popular vendors 
such as Salesforce.com and Microsoft. Vendor agents are further categorized into SaaS 
vendors and PS vendors. 

Our simulation results reveal that the DD pricing scheme is the most effective pricing 
scheme compared to the other pricing schemes (Figure 5). However, in a real market, 
obtaining perfect information about customers and competitors is almost impossible, 
making the DD pricing scheme difficult to implement. Vendors can alternatively 
implement PN or SK, since they are simple to implement and almost as effective as the DD 
pricing scheme (Figure 8 and Figure 9).  

In a simulation situation where the DD pricing scheme is excluded, SK or PN become 
the best-performing pricing schemes (Figure 9). Depending on which of the two pricing 
schemes reaches the market share threshold first, one of these pricing schemes will come 
out first with respect to revenue generation. Therefore, the penetration pricing scheme and 
the skimming pricing scheme can be considered equivalent. 

Besides, in our simulation, SaaS vendors always generate revenues, which are higher 
than the revenues of PS vendors (Figure 5). This is simply explained by the composition of 
our customer base, which tends to have more small and medium-sized enterprises. If the 
customer base is composed of smaller firms, the customer population prefers a SaaS 
product over a PS product (Figure 6). Otherwise, the customer population prefers a PS 
product (Figure 7).  
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In the future, we will use the results from our simulation and our simulation model to 
find the equilibrium point between revenues of SaaS vendors and the revenues of PS 
vendors. 
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